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Abstract
I examine the mental health and general health effects of providing informal care
for one’s spouse using data from the Health and Retirement Study in the United States.
Prior research has focused on children providing care for parents. In this paper, I pro-
vide the first analysis of these health effects among U.S. adults who provide care for their
spouses. Using propensity score matching, I find that caregiving leads to an increase in
depressive symptoms. Results are particularly strong and significant for female care-
givers. I find that symptoms of depression increase with the intensity of caregiving. I
find no evidence that caregiving leads to worse self-assessed health. This research is
relevant to understanding the net benefit of informal caregiving in the context of the
U.S. healthcare system.
Key words: Informal care, long-term care, depression, health, Health and
Retirement Study
JEL codes: I12, J12, J14
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1 Introduction
The aging of the U.S. population is certain to bring an increase in demand for long-
term care (LTC), a set of services and support that assist older and disabled individuals
with routine self-care activities for an extended period of time. LTC can be provided
either informally by unpaid family members or friends or formally by paid healthcare
workers or personal caregivers. Estimates suggest that 95% of people over the age of 65
with LTC needs receive some informal care and two-thirds of them rely solely on family
caregivers (Reinhard et al., 2019). Children caring for a parent make up 42% of all family
caregivers, and spousal caregivers make up 12% of all family caregivers, making spouses
the second largest group behind children (AARP, 2015).
There is growing recognition of the financial burden of informal caregiving (NASEM
Report, 2016). In fact, three states have passed legislation intended to compensate fam-
ily caregivers through tax credits, reimbursement, or vouchers.1 Measuring the health
effects of caregiving is relevant to a benefit-cost analysis of future policy measures in-
tended to help family caregivers.
In order to measure the effect of caregiving on health, it is necessary to address self-
selection and endogeneity in the decision to provide informal care. Among elderly indi-
viduals who are mostly retired, caregiving has an opportunity cost in the form foregone
leisure and foregone health-investment for oneself. Individuals who choose to provide
care to their spouse may have lower opportunity costs of caregiving compared to indi-
viduals who choose not to provide care. Additionally, those who select into caregiving
may be different in terms of their marginal (dis)utility of providing care.
These differences in opportunity cost or marginal utility could be the result of health
1For example, in 2017, New Jersey began a state income tax credit for family members caring for a
disabled veteran. In January 2018, Hawaii began offering vouchers to help offset the cost of caregiving for
caregivers who remain employed. In January 2020, Arizona began to reimburse family caregivers up to
$1,000 of specific caregiving expenses. For more details on these policies see Reinhard et al. (2019).
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status. For example, individuals in poor health themselves face a high marginal cost of
providing care and do not select into caregiving. Furthermore, selection into caregiving
also depends on individual differences in the marginal utility of leisure, which may
stem from differences in health and wealth. Therefore, the decision to provide care
can be to be endogenous to the caregiver’s health and other potentially unobserved
characteristics. For these reasons, a number of prior studies have used instrumental
variables (IV) models and propensity score matching (PSM) techniques to address the
endogeneity of caregiving and yield estimates of the causal effect of caregiving on health.
This paper contributes to understanding the mental and general health effects of in-
formal caregiving in two ways. First, this paper focuses on the adverse health effects of
caregiving by spousal caregivers. The negative health effects that adult children expe-
rience when caring for their parents are well documented (e.g., Heger, 2017; Do et al.,
2015; Coe and Van Houtven, 2009). However, there is little empirical work examin-
ing health effects among individuals who provide care to a spouse. As noted earlier,
spousal caregivers are the second largest category of family caregivers. Furthermore,
78% of spousal caregivers report being the sole caregiver (AARP, 2015), and the close
relationship between spouses may make caregiving more intensive.
Second, this study examines the effects of spousal caregiving in the U.S. The U.S.
population is of particular interest given that spouses make up a significant share of
family caregivers, and given that the U.S. finances LTC differently from other OECD
countries. While prior research has examined the effect of spousal caregiving in Europe
(De Zwart et al., 2017) and South Korea (Hong et al., 2017), no prior research has exam-
ined this question in the U.S. setting. To the best of my knowledge, this is the first paper
in the economic literature to consider the health effects of spousal caregiving in the U.S.
To examine the health effects for spousal caregivers in the U.S., I use data from the
Health and Retirement Study (HRS). I use PSM to address selection into caregiving. In
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another analysis, I use an IV model in which I apply a new instrumental variable, the
ratio of a spouse’s female children to total number of biological children. To preview my
results, I find that the instrument is weak; however, balance tests establish support for
PSM. Using regression-adjusted PSM, I find a 21% increase in depression symptoms for
women providing any care to a spouse. Among women providing intense care, I find a
36% increase in depression symptoms. There is less evidence of mental health effects for
male caregivers and no evidence of adverse effects on general health.
This paper is structured as follows. Section 2 overviews LTC financing in the U.S. Sec-
tion 3 reviews previous research on the health effects of caregiving. Section 4 overviews
the IV and PSM approaches. Section 5 describes the data I use from the HRS and sample
selection. Section 6 presents the results from the IV and PSM models. Finally, Section 7
concludes.
2 Background on LTC Financing in the US
LTC typically assists people with limitations in activities of daily living (ADLs) or
instrumental activities of daily living (IADLs). Examples of ADL limitations are any
difficulty with bathing, dressing, eating, walking across a room, and getting in and
out of bed. Examples of IADL limitations are any difficultly using a telephone, taking
medication, handling money, shopping, and preparing meals. Prevalence of limitations
increases with age, and 10.6% of people over the age of 75 have limitations in ADLs and
18.8% have limitations in IADLs (CDC, 2014).
Formal LTC includes a wide range of paid services such as nursing home care, in-
home care, and adult day care. For an idea of the costs of formal care, in 2016, the
average cost of a semi-private nursing home room was $6,844 per month, $20.50 per
hour for a home health aide, and $68 per day for adult day care (US DHHS, 2017).
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According to the Congressional Budget Office (2013), spending on formal LTC was 1.3%
of U.S. GDP in 2011 and is expected to rise to 1.9-3.9% of GDP by 2050.
A majority of LTC is publicly funded. Medicaid pays for 51% of total LTC expenses in
the U.S. (Reaves and Musumeci, 2015). LTC accounts for 32% of total Medicaid expendi-
tures (Thach and Wiener, 2018). Medicare, Medicare supplemental insurance, and other
private health insurance plans typically cover short-term use of nursing homes or home
care following a hospitalization. They do not cover LTC. Less than 11% of older adults
have some type of private insurance coverage specifically for long-term care (Brown and
Finkelstein, 2007). Medicaid covers nursing home, home healthcare, and non-medical
assistance for an indefinite period regardless of hospitalization. To qualify for Medicaid,
people must meet strict income/asset requirements, which vary by state. People with
LTC needs often deplete their financial resources until they qualify for Medicaid. Ap-
proximately 58% of nursing home residents are Medicaid beneficiaries, but half of them
were ineligible at the time of entry into a nursing home facility (Congressional Budget
Office, 2013).
There is growing concern over the ability to fund LTC as the US population ages. By
2030, nearly one-fourth of Americans will be over the age of 65 (Congressional Budget
Office, 2013). Favreault and Dey (2015) estimates that 52% of Americans turning 65 today
will need LTC in the future, and on average they will incur $138,000 of LTC expenses.
With an expected increase in the demand for LTC and forecasted growth in costs,
informal care may substitute for some types of formal care. Though informal care is
unpaid, caregivers face opportunity costs of forgone leisure or forgone earnings in the
labor market (Coe et al., 2018). In addition, caregivers may face costs to their own health.
Ultimately these health costs are likely to be borne by society, as elderly Americans are
primarily insured through Medicare. The economic value of informal care provided
in 2017 is estimated to be $470 billion dollars, which, for context, is substantially larger
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than all out-of-pocket U.S. health care expenditures in 2017 ($366 billion) (Reinhard et al.,
2019).
3 Literature Review
The recent literature on caregiving addresses self-selection either through IV or PSM
methods. The existing IV studies have examined the effects of caregiving by adult chil-
dren in particular. For example, Do et al. (2015) studies female caregivers over the age
of 45 who care for a parent-in-law in South Korea. They use the ADL/IADL limitations
of the parent-in-law as the instrument. They argue health of a parent-in-law is exoge-
nous to the physical health of the daughter-in-law.2 They find evidence that caregiving
increases self-reported pain, self-rated health as poor, and out-of-pocket spending on
outpatient care for the caregiver.
Heger (2017) studies people ages 50-70 who care for a parent in Europe. Heger
(2017) uses a fixed effects IV method where the instrument is having only one parent
alive. The intuition behind this instrument is that spousal care is not an option for
widowed parents, so these parents are more likely to rely on informal care from children.
Conditional on controlling for the death of a parent and health of a parent, Heger argues
having a single parent is exogenous to a child’s health. Heger finds that caregiving is
associated with a 25pp (29pp) increase in the likelihood of being severely depressed
among females giving any (weekly) care. Effects are insignificant for men.
In one of the only studies using data from the U.S., Coe and Van Houtven (2009)
considers individuals between 50-64 years old who have provided at least 100 hours of
care to a parent in the past two years. The instrument for becoming a caregiver is the
2As Heger (2017) points out, this instrument would violate the exclusion restriction when mental health
is the dependent variable. So, results for self-rated health should be interpreted with caution since self-
rated health captures both mental and physical dimensions of health.
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number of female children of the parent. This instrument is relevant to caregiving be-
cause females make up a larger percentage of caregivers than males (Wolff and Kasper,
2006). The instrument is only strong for married caregivers (i.e., married children pro-
viding care to a parent). Coe and Van Houtven instrument for continued caregiving with
an indicator for the death of the mother. Using data from 1992-2004 of the HRS, they
find that becoming a caregiver leads to a 15% increase in depressive symptoms (married
women). For continued caregiving, they find increase in depressive symptoms (mar-
ried men and women), increased heart conditions (single men), decreased self-reported
health (married women), and increased self-reported health (married men).
A large number of studies use PSM to study the effect of caregiving on health.3 Sev-
eral of these studies follow the methodology proposed by Lechner (2009). Lechner (2009)
uses panel data to match individuals based on covariates measured before treatment is
measured. This helps ensure that treatment does not influence the measurement of con-
trol variables. Including measures of lagged health and health care use are particularly
important for dealing with unobserved time-invariant heterogeneity. Time-invariant het-
erogeneity is likely to have already influenced health before treatment. Therefore, by
comparing treated individuals to control individuals with similar lagged health mea-
sures, this method helps address self-selection driven by health. Additionally, stratifying
based on lagged measures of caregiving mitigates the concern that estimated effects are
driven by prior selection into caregiving.
Taking a similar approach, De Zwart et al. (2017) studies the health effects among
spousal caregivers over the age of 50 in Europe. De Zwart et al. (2017) uses data from the
Survey of Health, Ageing and Retirement in Europe (SHARE).4 Following the Lechner
3See Bom et al. (2019) for a more detailed review of PSM studies in the geriatric, psychological, and
medical literatures.
4The SHARE collects data from 27 European countries and Israel. The SHARE is considered an inter-
national sister study of the HRS.
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(2009) strategy, they find that caregiving leads to increased symptoms of depression,
decreased self-reported health, increased prescription drug use, and increased doctor
visits (females). Specifically, for depression symptoms, they find a 29% increase for
women and a 23% increase for men.
Two additional studies use the SHARE data and Lechner (2009) PSM method to study
how caregiving effects differ between regions of Europe.5 First, Di Novi et al. (2015) con-
siders women 50-65 years old who care for a parent. They find that caregiving led to
increases in self-assessed health for females who live in Northern and Central Europe.
While for Central and Southern Europe, they find that caregiving led to increases in
self-reported self-fulfillment. Brenna and Di Novi (2016) studies women 50-75 years old
who care for a parent. They find evidence that caregiving increased symptoms of de-
pression for those in Southern Europe. Both studies highlight the potential institutional
explanations for the regional differences. The Northern European countries considered
in these studies have universal LTC systems. Southern European countries tend to allo-
cated fewer public resources to LTC and rely on strong family ties for the provision of
LTC.
Two studies look solely at Germany and use the Lechner (2009) PSM method. Schmitz
and Westphal (2015) considers women over the age of 18 who provide at least two hours
of care to anyone on a typical weekday. They find decreased mental health for 1 and 3
years after caregiving. They find no evidence of physical health effects of caregiving in
either the short or medium-term. It is important to note that this study lacks data on
the care recipient. Stroka (2014) studies individuals over 35 years old who receive an
allowance from a sickness fund for providing care to anyone. They find increased use of
prescription drugs, including antidepressants, for caregivers.
5Both studies consider Denmark and Sweden as Northern European countries. Central European
countries are Austria, France, Germany, Switzerland, Belgium, and the Netherlands. Southern European
countries are Spain, Greece, and Italy.
9
While the bulk of the literature uses either IV methods or PSM methods paired with
the Lechner approach, a small number of studies employ other empirical strategies.
For example, Hong et al. (2017) uses PSM, but not the Lechner (2009) method. They
study individuals over 19 years old who live with a spouse with dementia, and they
find increased odds of having a stroke. Van den Berg et al. (2014) uses an ordered logit
fixed effects model to study Australian caregivers over the age of 16. In this study, care
recipients may include an adult relative, parent, or spouse. They find that increased
informal caregiving has a negative effect on self-reported life satisfaction. Schmitz and
Stroka (2013) uses fixed effects to study German individuals between 35-65 years old.
The study does not have data on the care recipient. They find that caregivers who work
full-time have increased use of antidepressant and tranquilizer drugs in comparison to
individuals who only work full-time.
The above-mentioned studies primarily study adult children providing care to a par-
ent. Given that spouses are more likely to be providing care alone (AARP, 2015) and
are more likely to be frail, there is reason to expect that the health effects of caregiving
among spouses may differ from children. Furthermore, the majority of existing studies
focus on individuals in Europe. While De Zwart et al. (2017) studies spousal caregivers,
they do so with European data. While Coe and Van Houtven (2009) uses U.S. data, they
study adult children caring for a parent. Thus, the present study contributes to the liter-
ature by considering a previously unstudied population, individuals caring for a spouse
in the U.S.
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4 Methodology
The goal of this paper is to estimate the causal effect of spousal caregiving on health.
To illustrate my approach, first consider the following specification:
Hr,t “ α` β1Cr,t ` β2Xr,t´2 ` β3Xs,t´2 ` β4Xh,t´2 ` θt ` er,t (1)
In this equation, Hr,t is a health measure of the respondent, r, at time t. Cr,t denotes
the respondent’s caregiving behavior at time t. Vectors Xr,t´2, Xs,t´2, and Xh,t´2 denote
covariate measures for the respondent, spouse, and household, respectively. These are
lagged and measured at t ` 2. Finally, θt are time fixed effects, and er,t is the error
term. Since I use panel data, I observe some individuals more than once, so I cluster
standard errors at the individual level. The coefficient of interest is β1. To be clear, I
use the term “respondent” to refer to the individual who may be a caregiver. I use the
term “spouse” to refer to individual who may receive care from the respondent. Any
reference to “treatment” refers to the presence or absence of caregiving.
Estimating Equation (1) with OLS may lead to biased parameter estimates because
Cr,t is likely correlated with er,t. Selection into caregiving may be driven by differences
in the opportunity cost and marginal disutility of providing care, which could result
from differences in health or unobservable preferences for caregiving.
To remove or reduce the potential for this bias, I first adapt the IV approach used
by Coe and Van Houtven (2009) to spousal caregivers. I use the spouse’s ratio of fe-
male biological children to total biological children as an instrument for caregiving. An
IV approach is attractive because it uses exogenous variation in caregiving to estimate
the health effects; however, the challenge of applying an IV method is finding a valid
instrument.
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Then, I turn to regression-adjusted PSM.6 I closely follow the model of De Zwart et al.
(2017) using the methodology of Lechner (2009). The general idea behind this method
is to construct a treatment and control group that are equal on observable covariates
measured prior to treatment. I describe both these of these methods in detail in the
subsequent sections.
4.1 Instrumental Variables
First, I consider an IV approach. Similar to Coe and Van Houtven (2009), I instrument
for caregiving based on family characteristics.7 However, to the best my knowledge, no
instrument had been used in the context of spousal caregivers. I use the spouse’s ratio
of female biological children to total children as an instrument for spousal caregiving. I
use this instrument because it is well established that females make up the majority of
caregivers (e.g., Wolff and Kasper, 2006; AARP, 2015). Below I elaborate on why I expect
this to be relevant to spousal care and why I expect the exclusion restriction to hold.
Since females make up the majority of caregivers, I expect that if a care recipient has
a high ratio of female children it is more likely that a child will provide informal care.
This child may substitute for spousal care. Particularly, I expect this child to substitute
on the intensive margin of spousal care. It may be less likely that this child substitutes
on the extensive margin given the close relationship between spouses.
During sample selection, I impose the criterion that a spouse has at least one bio-
logical child.8 Therefore, the ratio reflects the sex composition of the care recipient’s
children conditional on having at least one child. I focus on the care recipient’s chil-
6As Lechner (2009) points out, PSM is favored over fixed-effects regressions in this context. The as-
sumption in a fixed effects model of exogeneity of the time varying control variables is unlikely to hold.
For example, it is difficult to justify that unexplained variation in depressive symptoms from a previous
wave is exogenous to measures of caregiving in a subsequent wave.
7Coe and Van Houtven (2009) uses the mother’s number of daughters as the instrument for the adult
child providing care to their mother.
8Sample selection is described in detail in Section 5.
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dren because some children may be related to only the care recipient (their parent) and
not the caregiver (their parent’s current spouse). I consider only biological children to
exclude stepchildren or children-in-law. It seems plausible that remarriage or a child’s
marriage behavior could be correlated with unobservable family characteristics. The sex
composition of biological children should be exogenous given that the sex of a child is
essentially randomly assigned. Therefore, this instrument should be orthogonal to the
error term.
The sex composition of the care recipient’s children should not directly affect the
mental or physical health of the caregiver. I expect it to impact the caregiver’s health
only through the availability of spousal caregiver substitutes. From this reasoning, it
seems quite plausible that the instrument is relevant and the exclusion restriction would
hold.
I estimate the following first stage equation:
Cr,t “ δ0 ` δ1Xr,t´2 ` δ2Xs,t´2 ` δ3Xh,t´2 ` δ5Ds ` γt ` ur,t (2)
Where Cr,t is the endogenous caregiving variable. The vectors Xr,t´2, Xs,t´2, and Xh,t´2
are defined the same as in Equation (1). The instrument is Ds, the ratio of biological
daughters to total number of biological children for the spouse. γt are time fixed effects
and ur,t is the error. The corresponding second stage equation can be written:
Hr,t “ γ0 ` γ1yCr,t ` γ2Xr,t´2 ` γ3Xs,t´2 ` γ4Xh,t´2 ` φt ` ξr,t (3)
Hr,t is a health outcome of the caregiver, which is defined the same as in Equation (1).
Xr,t´2, Xs,t´2, and Xh,t´2 are defined the same as in Equation (1) and (2). yCr,t is predicted
caregiving from Equation (2), i.e.,yCr,t is the part of Cr,t not correlated with ur,t.
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4.2 Propensity Score Matching
Propensity score matching (PSM) is a method designed to estimate causal treatment
effects. The idea behind matching is to construct a treatment and control group from
observational data where both groups are equal on observable pre-treatment covariates.
In a sense, matching tries to simulate a randomized experiment. In a randomized exper-
iment the treatment is exogenous to observable and unobservable covariates. Matching
directly on the relevant observable covariates is challenging when many variables may
affect the treatment. An alternative is to calculate a propensity score, which is the prob-
ability of treatment conditional on the observable covariates. As the name of the method
suggests, PSM matches based on this propensity score.
To discuss PSM I will proceed as follows: 4.2.1 explains the assumptions for esti-
mating causal treatment effects, 4.2.2 discusses estimating the propensity score, 4.2.3
discusses kernel matching, 4.2.4 briefly discusses balance between the treatment and
control group, and 4.2.5 describes regression adjustment after matching is performed.9
4.2.1 Assumptions for Estimating Causal Treatment Effects
There are two potential estimands for PSM. First, the average treatment effect (ATE) is
the difference between the average outcome if the entire population was treated and the
average outcome if the entire population was untreated. The ATE is what randomized
experiments are designed to estimate. The second is the average treatment effect on the
treated (ATT). This is the difference between the average outcome of the treated group
and the average outcome of the treated group if this group was untreated. To define
these parameters more formally, consider an outcome YipTiq for an individual i, where
i “ 1, ..., N and N is the total number of individuals. The outcome is a function of Ti, the
9Section 6.4.3 details the statistics used to determine balance, and Section 6.5 addresses statistical
inference after regression adjustment.
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treatment of individual i, where T is a binary treatment, i.e., T P t0, 1u. Thus, the ATE
can be defined as:
τATE “ ErYp1qs ´ ErYp0qs
In this case, two counterfactuals must be estimated. They are ErYp1q|T “ 0s, which is the
counterfactual for those who are untreated, and ErYp0q|T “ 1s, which is the counterfac-
tual for those who are treated. The ATT can be defined as:
τATT “ ErYp1q|T “ 1s ´ ErYp0q|T “ 1s
In this case, only one counterfactual must be estimated. This is ErYp0q|T “ 1s, the
counterfactual for those treated.
ATT is typically preferred when an intervention is designed for a specific subset of
the population. In the context of the present study, the goal is to estimate the effect of
caregiving on those who are caregivers, so I focus on the ATT. Additionally, the ATT is
the predominate measure considered in the literature relevant to this paper (De Zwart
et al., 2017; Lechner, 2009; Schmitz and Westphal, 2015).
It is important to note the assumptions that must be satisfied for these parameters to
be unbiased when the data are from an observational setting. First, treatment must be
independent of the outcome conditional on the vector of covariates (X), i.e., T K YpTq|X.
Second, individuals must also have a sensible probability of receiving treatment, i.e.,
0 ă PpT “ 1|Xq ă 1. These two assumptions are referred to as the strongly ignorable
treatment assignment (Rosenbaum and Rubin, 1983). Unobservable traits which are not
correlated with those in the vector of controls (X) are of most concern in violating this
assumption. Therefore, empirical researchers include controls which are believed to be
correlated with important unobservable traits.
The final assumption is the stable unit treatment value assignment (SUTVA) (Rubin,
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1980). This assumption requires that an individual’s outcome is independent of any
other individual’s treatment assignment. In the case of spousal caregivers, I separate the
analysis by gender to better satisfy this assumption because one spouse’s health outcome
is likely related to the other spouse’s caregiving treatment. De Zwart et al. (2017) also
takes this step to help satisfy SUTVA.
4.2.2 Estimating the Propensity Score
A maximum likelihood model is used to estimate the propensity score. Probit and
logit models typically give similar estimates (Caliendo and Kopeinig, 2005). To be con-
sistent with the relevant literature for this paper (e.g., De Zwart et al., 2017; Schmitz and
Westphal, 2015; Lechner, 2009), I estimate the propensity score with a probit model.
In determining which variables to include in the model, it is important to consider the
strongly ignorable treatment assignment and ensure that the model is not confounded.
Caliendo and Kopeinig (2005) recommend including covariates which are fixed over time
or measured before treatment to ensure that the covariate has not changed due to treat-
ment or the anticipation of treatment. The Lechner (2009) method of using panel data to
measure covariates before treatment follows this recommendation. A variable which is
known or thought to be a predictor of treatment or the outcome should be included in
the model since there is little cost to including irrelevant variables (Stuart, 2010). Accord-
ing to Rubin (2001), it is best to base covariate selection on previous empirical studies
or theory. I follow the empirical strategy of De Zwart et al. (2017) and by matching on
similar covariates measured in the wave of observation prior to treatment.
4.2.3 Matching Procedure
After estimating the propensity score there are several ways to compare treated and
untreated individuals. Matching algorithms differ in the number of individuals used for
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comparison and the way these individuals are weighted as controls. I employ kernel
matching.10
Kernel matching (KM) is a matching method commonly used in applied economics.
KM weights all individuals in the control group according to the distance of each con-
trol’s propensity score from the treated individual’s propensity score. KM tends to
reduce variance by using all of the available information on controls (Caliendo and
Kopeinig, 2005).
In KM, a kernel and bandwidth must be chosen. The kernel is the non-parametric
function used to determine weights. The Epanechnikov kernel is commonly used. The
bandwidth parameter describes the smoothness of this kernel function. A higher band-
width results in a more smooth curve with the probability mass more spread out. A
lower bandwidth results in a less smooth curve with probability mass more concen-
trated. A lower bandwidth reduces bias but increases variance. Both De Zwart et al.
(2017) and Schmitz and Westphal (2015) use an Epanechnikov kernel with 0.03 band-
width. I use the same.
4.2.4 Assessing Balance
After selecting and implementing a matching algorithm, the first step is to assess
common support. The goal of assessing common support is to ensure that there is over-
lap in the propensity score distribution between treated and control groups. The next
step is to assess the balance of the covariate vector (X) between the treatment and control
group. Comparing the distribution of these covariates before and after matching helps
determine if matching successfully removed observable differences between the treat-
ment and control groups. Ideally, matching will equalize the distribution of X between
10See Stuart (2010) and Caliendo and Kopeinig (2005) for a more detailed explanation of other common
methods (e.g., nearest neighbor and caliper matching).
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the treated and controls groups.
4.2.5 Regression Adjustment
After matching is preformed, common support is calculated, and balance is as-
sessed, regression adjustment helps to remove remaining covariate imbalance between
the treated and control group (Stuart, 2010). I will discuss regression adjustment in the
context of kernel matching, since this is my empirical strategy.
After kernel matching, I regress the outcome on the treatment and all covariates from
the probit propensity score estimation model. Observations are weighted by the kernel
weights. The coefficients are βˆ “ pX1WXq´1X1Y, where W is the weighting matrix. In
the case of kernel matching, W is a diagonal matrix with entries equal to one for treated
individuals and entries equal to the kernel weights wc for control individuals (Marcus,
2014). Following Marcus (2014), I define these weights as :
wc “
ÿ
tPT1
KrpPc ´ Ptq{bnsř
cPT0 KrpPc ´ Ptq{bns
I denote treated individuals as t “ 1, ..., T where all t are treated, i.e., @t P T1. I
denoted control individuals as c “ 1, ...,C where all c are untreated, i.e., @c P T0. Where
K is the kernel function, and bn is the bandwidth of this kernel. Pc is the propensity
score for c, a control individual. Pt is the propensity score for t, a treated individual. So,
the numerator gives the kernel weight for control c based on how close the propensity
score is to the treated individual. The denominator is the sum of kernel weights for all c
in the control group, T0. Finally, this quotient is summed for each treated individual, t,
in the treatment group, T1. This formula yields wc, which is the diagonal element of the
W matrix corresponding to control individual, c.
There are several important advantages to this method over PSM alone. First, this
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method is referred to as “double robust” because the regression-adjusted matching esti-
mator is consistent if either the PSM model or regression equation is correctly specified
(Bang and Robins, 2005). Second, including all the covariates used in the probit helps de-
crease small-sample and asymptotic bias (Abadie and Imbens, 2006). Finally, including
all the covariates from the probit helps decrease unexplained variation in the outcome
variable and reduces standard errors (Marcus, 2014).
5 Data
I use panel data from the Health and Retirement Study (HRS) from 2000 to 2016
(corresponding to waves 5-13). The HRS is a prospective longitudinal study of approxi-
mately 20,000 Americans over the age of 50. The HRS interviews a respondent’s spouse
regardless of the spouse’s age. The ability to link data within a couple makes this dataset
particularly well suited to answer my research question. Furthermore, the HRS contains
detailed measures of caregiving, which allow me to consider different intensive margins
for caregiving. The panel structure of the HRS allows me to control for respondent,
spouse, and household characteristics measured in the wave before caregiving is mea-
sured.
5.1 Health Outcomes
I consider symptoms of depression and self-assessed health as outcomes. First, I mea-
sure symptoms of depression with the the Center for Epidemiologic Studies Depression
Scale (CESD). This scale was designed to measure depressive symptoms among the gen-
eral population (Radloff, 1977). In this data, CESD is measured on a scale of 0 to 8. CESD
is the sum of eight binary variables: (1) felt depressed, (2) felt everything was an effort,
(3) had restless sleep, (4) felt lonely, (5) felt sad, (6) felt that they could not get going, (7)
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was happy, and (8) enjoyed life. The last two variables are reverse scored to create the
index. Each of these binary variables was equal to one if the respondent reported feeling
that way “much of the time.” Therefore, an increase in CESD expresses more symptoms
of depression and worse mental health.
Second, I consider self-assessed health (SAH). Respondents rate their general health
on a scale from 1 (poor) to 5 (excellent) health. SAH may reflect aspects of both phys-
ical and mental health; however, in comparison to the CESD, I expect SAH to be more
informative about physical health.
In some analyses, I consider binary dependent variables for severe depressive symp-
toms and poor or fair SAH. I use the cut-off of 4 or more CESD symptoms to determine
if changes in the CESD index occur along a margin which indicates the presence of clin-
ical depression (Steffick et al., 2000). A binary variable for poor or fair health is defined
as a SAH rating of 1 (poor) or 2 (fair). I use the binary outcomes to investigate where
estimated changes in health are occurring along the CESD and SAH indices.
I consider both the indices and binary health outcomes 2 years after caregiving is
measured. Coe and Van Houtven (2009) studies outcomes 2 and 4 years after caregiv-
ing and De Zwart et al. (2017) studies outcomes 4 and 7 years after caregiving. These
papers theorize that caregiving may have delayed health effects; however, only Coe and
Van Houtven (2009) finds evidence of delayed effects on CESD and SAH and only for
married women (caring for their mother).
5.2 Caregiving Measures
I consider three measures of caregiving to capture the extensive and intensive mar-
gins.11 First, I consider if an individual provides any care to their spouse. This measure
11The HRS asks about caregiving in terms of help with ADL/IADL needs. Therefore, in this study,
caregiving is defined as helping a spouse with ADL/IADL needs.
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allows me to compare my results to Heger (2017). Second, I consider if any individual
provides care to their spouse on a daily basis. This measure is comparable to that in
De Zwart et al. (2017). Finally, I consider if a spouse provides 20 or more hours of care
per week.12 This cutoff is intended to measure more intensive caregiving.
5.3 Sample Selection
To define the sample for analysis I follow the steps in Figure 1. First, the HRS did
not ask about hours or days of caregiving until wave 5, so I only consider observations
from waves 5-13. Then, to focus on the elderly population which is most likely to have
ADL/IADL limitations, I restrict the sample to couples with at least one individual over
the age of 70. Next, I exclude couples where either spouse is institutionalized since I am
focused on informal care. Then, I exclude couples where both report informal caregiv-
ing. I am concerned about misreporting of caregiving in these couples as ADL/IADL
limitations are fundamental self-care activities. It seems unlikely that a person with an
ADL/IADL limitation could provide consistent informal care to a spouse.13
Next, I exclude observations where the spouse has no biological children or data on
biological children are missing. This ensures I can construct the instrument, the ratio of
female biological children, for the IV approach. Finally, in order to measure covariates
before caregiving is measured for the Lechner (2009) PSM method, I require at least
two consecutive waves of data. The final sample size is 19,236 observations from 6,731
individuals.
12Caregiving hours per week are constructed as the product of typical days per week care is given and
typical hours per day care is given (for days care is given).
13One could perhaps imagine a complementary in care between and individual with an ADL limitation
and another individual with an IADL limitation; however, I maintain that complex nature of such a
caregiving relationship warrants exclusion from the sample.
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Figure 1: Sample Selection
Observations with data for a spouse (waves 5-13)
n “ 113, 142
One spouse is at least 70 years old
n “ 46, 119
Neither spouse is institutionalized
n “ 44, 897
Data construction
Exclude couples where both members report caregiving
n “ 44, 331
Observation’s spouse has at least one biological childa
n “ 36, 422
Observation is complete for two consecutive wavesb
n “ 19, 236
Notes: a This criterion is necessary constructing the instrument. b By complete, I mean that
an observation has data for the outcome, treatment, and controls, X. Data construction which
depends on the sample, such as quartile variables, is conducted after the sample is finalized.
5.4 Time Structure
The time structure of my empirical strategy is shown in Table 1. I use data from waves
5-13 corresponding to the years 2000-2016. Due to lagging the vector of covariates, I only
consider caregiving treatment for waves 6-12 corresponding to the years 2002-2014. I do
not measure caregiving in 2016 due to data limitations.14 I do measure health outcomes
in 2016.15 Therefore, the last row of Table 1 is complete from t´ 2 to t` 2, but I do not
14I use caregiving measures in the Harmonized HRS file from the Program on Global Aging, Health,
and Policy at the USC Dornsife Center for Economic and Social Research. The most recent version of this
file only contains data through wave 12 (2014).
15CESD and SAH are available through the RAND Harmonized HRS file, which is available through
wave 13 (2016).
have enough data for a row corresponding to wave 13.
Table 1: Time Structure
Xt´2 Treatmentt Yt Yt`2
Wave 6 2000 2002 2002 2004
Wave 7 2002 2004 2004 2006
Wave 8 2004 2006 2006 2008
Wave 9 2006 2008 2008 2010
Wave 10 2008 2010 2010 2012
Wave 11 2010 2012 2012 2014
Wave 12 2012 2014 2014 2016
Note: The wave of each row corresponds to time t. In 2000, the HRS began to collect data on
caregiving intensity (e.g., days and hours of caregiving). These caregiving measures are available
in the Harmonized HRS file from the Program on Global Aging, Health, and Policy at the USC
Dornsife Center for Economic and Social Research. The most recent version of this file ends in
2014, so caregiving data are only available from 2000-2014. Therefore, Xt´2 and Treatmentt can
only be measured from 2000-2014. Data on health outcomes, Yt are available until 2016 from
the RAND HRS. This is why Yt`2 can be measured in 2016, but Xt´2 and Treatmentt cannot be
measured in 2016.
6 Results
6.1 Summary Statistics
Summary statistics are presented in Table 2. The mean CESD score is 1.04 out of
8. The mean SAH score is 3.19 out of 5. A score of 3 is considered “fair” health.
If these health indices are measured 2 years after caregiving, the means are similar.16
For caregiving, 11% of observations provide any amount of informal care to a spouse.
16Note that sample size drops since measuring health outcomes 2 years after caregiving requires 3 waves
of consecutive data.
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Approximately 8% provide daily care, and 4% spend over 20 hours per week giving
informal care. Means of the lagged caregiving measures are lower, at 8%, 5%, and 2%,
respectively. Intuitively, this makes sense because as couples age they are more likely to
have ADL/IADL limitations. Thus, I expect to see this increase in caregiving as a couple
ages and is subsequently interviewed by the HRS.
The instrument, spouse’s ratio of female children, has a mean of 0.48, close to the
probability of having a female child. The statistics for lagged covariates are grouped
according to measures for the respondent (potential caregiver), spouse (potential care
recipient), and household. See Tables 16 and 17 in the Appendix for summary statistics
by gender.
6.2 OLS Results
I first run a naive OLS regression as a baseline specification that allows me to un-
derstand the direction of the omitted variable bias. In the first OLS model, I control for
demographic characteristics only. All controls are measured in the same wave as the
caregiving and health measures. Results are presented in Table 3. For females, estimates
suggest that caregiving is associated with an increased number of depressive symptoms,
and this is seen for each of the three different measures of caregiving. Estimated coef-
ficients on the caregiving variables are insignificant in models of SAH. For males, the
coefficient estimates on the caregiver variables are insignificant in 4 of the 6 models.
One omitted variable is the spouse’s ADL/IADL limitations. This is important to
consider because I am interested in estimating the causal effect of caregiving ceteris
paribus. Therefore, I want to separate the effect of caregiving from the effect of living
with a disabled spouse.17 When omitting a spouse’s ADL/IADL limitations, I expect
17Bobinac et al. (2010) discusses the difference between the “caregiving effect” and the “family effect.” I
am interested in estimating former where the respondent cares for the spouse with ADL/IADL limitations
by helping them. The latter refers to the effect of caring about the person with ADL/IADL limitations,
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Table 2: Summary Statistics
Variable N Mean SD Min Max
Health outcomes (immediate):
Respondent CESD-8 (count of depression symptoms) 19,236 1.04 1.59 0 8
Respondent SAH (5 = excellent) 19,236 3.19 1.03 1 5
Health outcomes (2 years):
CESD-8 15,624 1.06 1.6 0 8
SAH 15,918 3.14 1.03 1 5
Caregiving treatment:
Any caregiving 19,236 0.11 0.31 0 1
Daily caregiving 19,236 0.08 0.27 0 1
20+ hours/week caregiving 19,236 0.04 0.2 0 1
Lagged caregiving treatment:
Any caregiving 19,236 0.08 0.27 0 1
Daily caregiving 19,236 0.05 0.22 0 1
20+ hours/week caregiving 19,236 0.02 0.15 0 1
Instrument:
Spouse's ratio of female children 19,236 0.48 0.31 0 1
Respondent lagged covariates:
CESD-8 19,236 0.97 1.52 0 8
SAH 19,236 3.3 1.01 1 5
Log of respondent's doctor visits 19,236 2.02 0.86 0 6.55
Respondent 1+ ADL limitation 19,236 0.11 0.31 0 1
Respondent prescription drug use 19,236 0.88 0.33 0 1
Age 19,236 73.69 6.27 39 100
Education categories:
Less than high school 19,236 0.18 0.39 0 1
GED 19,236 0.04 0.21 0 1
High school graduate 19,236 0.33 0.47 0 1
Some college 19,236 0.21 0.41 0 1
College graduate 19,236 0.23 0.42 0 1
Race categories:
White/Caucasian 19,236 0.9 0.3 0 1
Black/African American 19,236 0.07 0.26 0 1
Other race 19,236 0.03 0.17 0 1
Foreign born 19,236 0.09 0.29 0 1
Hispanic indicator 19,236 0.07 0.25 0 1
Unemployed 19,236 0.01 0.08 0 1
Retired 19,236 0.7 0.46 0 1
Respondent cares for their parent 19,236 0.02 0.13 0 1
Respondent cares for their parent-in-law 19,236 0.01 0.09 0 1
Number of children 19,236 3.34 1.94 0 19
Number of daughters 19,236 1.63 1.39 0 13
At least one residing child 19,236 0.13 0.33 0 1
Number of living siblings 19,236 2.34 2.16 0 16
Fraction of household income respondent earns 19,236 0.05 0.13 0 1
Spouse lagged covariates:
Age 19,236 73.85 6.10 39 100
1+ ADL limitation 19,236 0.11 0.31 0 1
1+ IADL limitation 19,236 0.08 0.28 0 1
Log of doctor visits 19,236 2.02 0.86 0 6.42
Prescription drug use 19,236 0.88 0.33 0 1
CESD-8 19,236 0.95 1.5 0 8
SAH 19,236 3.3 1 1 5
Household lagged covariates:
Income 19,236 61,165.04 75,746.86 16 2,260,000
Assets 19,236 635,000 1,160,000 312,000 31,700,000
Rural household 19,236 0.32 0.47 0 1
Census Divisions:
New England 19,236 0.04 0.2 0 1
Mid Atlantic 19,236 0.11 0.31 0 1
East North Central 19,236 0.16 0.37 0 1
West North Central 19,236 0.11 0.31 0 1
South Atlantic 19,236 0.23 0.42 0 1
East South Central 19,236 0.05 0.23 0 1
West South Central 19,236 0.09 0.28 0 1
Mountain 19,236 0.06 0.24 0 1
Pacific 19,236 0.14 0.34 0 1
Not US/ US Territories 19,236 0 0 0 0
Note: Data for females and males are included in this table. See Table 16 for summary statistics for females
only. See Table 17 for summary statistics for males only. In OLS and PSM models, age, income, and assets
are controlled for with binary quartile variables. Quartiles are defined once for the entire sample.
Table 3: OLS Results (with only demographic controls)
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)
Any caregiving 0.185** 0.0411 0.0850 0.0810*
(0.0780) (0.0404) (0.0729) (0.0482)
Daily caregiving 0.174* 0.0466 0.0830 0.0367
(0.0950) (0.0475) (0.0815) (0.0555)
20+ hours/week caregiving 0.302** 0.0336 0.203* -0.0127
(0.146) (0.0705) (0.111) (0.0794)
Observations 9,776 9,776 9,776 9,776 9,776 9,776 9,460 9,460 9,460 9,460 9,460 9,460
Individuals 3,427 3,427 3,427 3,427 3,427 3,427 3,304 3,304 3,304 3,304 3,304 3,304
R-squared 0.076 0.076 0.076 0.132 0.132 0.132 0.051 0.051 0.051 0.086 0.086 0.085
Females Males
CESD-8 SAH CESD-8 SAH 
Note: All data (outcome, treatment, and covariates) are measured in the same wave. All regressions control for the following demo-
graphic characteristics: respondent’s education, race, foreign born, Hispanic indicator, living siblings, census divisions, respondent
age quartiles, spouse age quartiles, household income quartiles, household asset quartiles. Standard errors are clustered at the
individual level. Asterisks denote significance levels: *** pă 0.01, ** pă 0.05, * pă 0.10. All regressions include time fixed effects.
Table 4: OLS Results (with demographic and spouse ADL/IADL controls)
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)
Any caregiving -0.138 0.176*** -0.270** 0.329***
(0.107) (0.0561) (0.107) (0.0662)
Daily caregiving -0.108 0.125** -0.228** 0.183***
(0.113) (0.0566) (0.104) (0.0690)
20+ hours/week caregiving 0.0686 0.0752 -0.0282 0.0785
(0.151) (0.0733) (0.122) (0.0854)
Spouse 1+ ADL limitation 0.359*** 0.341*** 0.321*** -0.160*** -0.135*** -0.122*** 0.169** 0.141** 0.106* -0.139*** -0.0898* -0.0670
(0.0717) (0.0696) (0.0691) (0.0421) (0.0398) (0.0391) (0.0681) (0.0640) (0.0624) (0.0479) (0.0467) (0.0448)
Spouse 1+ IADL limitation 0.181* 0.141* 0.0792 -0.0683 -0.0126 0.0298 0.345*** 0.292*** 0.203*** -0.223*** -0.120** -0.0596
(0.0978) (0.0858) (0.0750) (0.0519) (0.0475) (0.0427) (0.0908) (0.0843) (0.0753) (0.0572) (0.0547) (0.0507)
Observations 9,776 9,776 9,776 9,776 9,776 9,776 9,460 9,460 9,460 9,460 9,460 9,460
Individuals 3,427 3,427 3,427 3,427 3,427 3,427 3,304 3,304 3,304 3,304 3,304 3,304
R-squared 0.080 0.080 0.080 0.134 0.133 0.133 0.055 0.054 0.053 0.089 0.087 0.086
Females Males
CESD-8 SAH CESD-8 SAH 
Note: All data (outcome, treatment, and covariates) are measured in the same wave. All regressions control for the following demo-
graphic characteristics: respondent’s education, race, foreign born, Hispanic indicator, living siblings, census divisions, respondent
age quartiles, spouse age quartiles, household income quartiles, household asset quartiles. Standard errors are clustered at the
individual level. Asterisks denote significance levels: *** pă 0.01, ** pă 0.05, * pă 0.10. All regressions include time fixed effects.
to see positive bias in the effect of caregiving on CESD. I expect to see negative bias
in the effect of caregiving on SAH. The correlation between caregiving and ADL/IADL
limitations should be positive.18 When CESD is the outcome, I would expect the coef-
ficient for ADL/IADL limitations to be positive, i.e., having a disabled spouse would
witnessing their health decline, and possibly anticipating bereavement.
18Indeed, for 20+ hours of caregiving per week, the correlation with the presence of an ADL limitation
is 0.3638. The correlation with the presence of an IADL limitation is 0.5126.
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increase feelings of depression. When SAH is the outcome, I may expect the coefficient
for ADL/IADL limitations to be negative, i.e., having a disabled spouse may decrease
physical health from stress.
When I include the spouse’s ADL and IADL limitations in the model, I find evi-
dence which supports this reasoning. Estimates are reported in Table 4. Coefficients for
ADL/IADL limitations on CESD are positive. Coefficients for ADL/IADL limitations on
SAH are negative. Coefficients for the effect of caregiving on CESD are either insignifi-
cant or negative. Coefficients for the effect of caregiving on SAH are either insignificant
or positive. If results from this OLS model were interpreted as causal, this would suggest
that caregiving decreases mental health and increases physical health. However, neither
OLS model accounts for selection into caregiving based on the respondent’s health or
unobservable preferences for caregiving.
6.3 IV Results
To be consistent with the literature, in the IV model I use similar controls as Coe and
Van Houtven (2009). I control for the respondent’s lagged health, age, education, race,
Hispanic indicator, foreign born indicator, number of children, and lagged retirement
and unemployment indicators. I control for the spouse’s age, presence of an ADL limi-
tation, and presence of an IADL limitation. I control for the household’s net assets, log
of income, rural location indicator, and census divisions.
The first stage results of this model are presented in Table 5. I instrument for caregiv-
ing with the spouse’s ratio of biological female children to total biological children. The
estimated coefficient on the instrument is insignificant in 5 of the 6 models. However, in
column 3, corresponding to 20+ hours per week of caregiving by females, the coefficient
for the instrument is -0.0146 and is statistically significant at the 5% level. A negative
coefficient is consistent with the idea that if a care recipient has a higher percentage of
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Table 5: First Stage IV Results
Any caregiving Daily caregiving 20+ hours/week caregiving Any caregiving Daily caregiving
20+ hours/week 
caregiving
(1) (2) (3) (4) (5) (6)
Instrument:
Spouse's ratio of female children -0.0135 -0.0141 -0.0146** -0.00813 -0.00921 -0.000783
(0.0109) (0.00951) (0.00715) (0.00941) (0.00845) (0.00629)
F-statistic for the instrument 1.5187 2.2010 4.1896 0.7468 1.1881 0.0155
Observations 9,776 9,776 9,776 9,460 9,460 9,460
Individuals 3,427 3,427 3,427 3,304 3,304 3,304
R-squared 0.239 0.195 0.118 0.239 0.191 0.117
Females Males
Note: Standard errors are clustered at the individual level. Asterisks denote significance levels: *** pă 0.01, ** pă 0.05, * pă 0.10.
Controls for the respondent are lagged CESD, lagged SAH, lagged retirement indicator, lagged unemployment indicator, age (in
years), education, race, foreign born indicator, Hispanic indicator, living siblings, and number of children. Controls for the spouse
are lagged ADL limitations, lagged IADL limitations, lagged CESD, lagged SAH, and age (in years). Controls for the household are
log of income, net assets, rural indicator, and census divisions. All regressions include time fixed effects. Second stage results for
column 3 are presented in the Table 18 in the Appendix.
daughters then they are less likely to receive intensive care from their spouse. In other
words, the negative coefficient is consistent with the idea that female children may sub-
stitute on the intensive margin for spousal care. However, for all caregiving intensities,
the f-statistic for this instrument is far below 10. An instrument this weak indicates ex-
treme finite sample bias of the IV estimator relative to OLS (Staiger and Stock, 1997).19
Without a strong instrument, I proceed with results from PSM.
6.4 PSM Evaluation
Following the methodology of De Zwart et al. (2017) discussed in Section 4, I estimate
the propensity score by probit. I regress each caregiving measures (any, daily, or 20+
hours per week) on its lagged value and all lagged covariates reported in the summary
statistics (Table 2).20 First, I assess common support. Then, I use kernel matching with a
19The f-statistic on is the instrument is not robust to minor changes in sample selection or minor changes
in which control variables are used. I report the model closest to Coe and Van Houtven (2009). When
additional (possibly endogenous) covariates listed in the summary statistics (Table 2) are included in the
model, the f-statistic is above 6 for intensive caregiving for females. I report the first stage result of this
model, which uses all of the covariates in the PSM model, in Table 19 in the Appendix.
20Results of this regression are reported in Table 21 in the Appendix.
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0.03 bandwidth to match. I discuss balance before reporting regression-adjusted results.
6.4.1 Common Support
The goal of assessing common support is to ensure that there is overlap in the propen-
sity score distribution between treated and control groups. Consistent with Lechner
(2009), I use the minima and maxima comparison approach. This approach defines the
range of common support by selecting the higher minima and lower maxima of the dis-
tribution of propensity scores in the treatment and control group.21 To estimate the ATT,
the common support requires that a control can be found for the combination of covari-
ates for each treated individual (Caliendo and Kopeinig, 2005).22 Therefore, I exclude
individuals off common support.
It is not of much concern when the number of excluded individuals is small; however,
if the number of individuals outside of the region of common support is large, this raises
concerns about how representative the remaining individuals are of the overall treated
group (Caliendo and Kopeinig, 2005). The number of individuals on and off support are
reported in Table 6. Column 1 has the highest number of individuals off support (n “ 5).
Relative to the sample size of treated individuals this does not seem problematic.23
21An alternative way to set the region of common support uses the density of the distribution of propen-
sity scores. This method is referred to as the “trimming method.” The first step is to non-parametrically
estimate the density function of propensity scores. After designating a minimum density cutoff, q, any
observations where estimated density is less than q are dropped. The choice between the two methods of
assessing common support often depends on the distribution of propensity scores. For instance, if there
is a region in the middle of the propensity score distribution with few or no observations for either the
treated or untreated distribution, the trimming method may be preferable (Caliendo and Kopeinig, 2005).
22Estimating the ATE requires an additional counterfactual. Therefore, to estimate the ATE, the range
of common support must also ensure that for the combination of covariates for each control individual a
similar combination can be observed in the treatment group.
23In comparison to the literature, De Zwart et al. (2017) has a model where 3 of 98 treated individuals
are off support.
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6.4.2 Overall Model Balance
Balance statistics which describe the overall model are reported in Table 6 and dis-
cussed below. Rubin (2001) recommends two measures to asses overall balance. The first
is the standardized difference of the means of the propensity score between the treated
and control groups. This statistic is referred to as Rubin’s B and is defined as :
ĎPSt´ĎPSc
σt
.
Where ĎPS is the mean propensity score, t indicates the treatment group, c indicates the
control group, and σt is the standard deviation of the propensity score in the treated
group. Rubin (1980) recommends that Rubin’s B should be less than 0.25. In Table 6, I
report Rubin’s B as a percentage, and in each model it is less than or equal to 25%.24
The second Rubin statistic is the ratio of the variances of the propensity scores be-
tween the treatment and control groups, referred to as Rubin’s R. Rubin (2001) suggests
a value of Rubin’s R between 0.5 and 2 is reasonable. As shown in Table 6, Rubin’s R is
in this range for all models.
For the model as a whole, the pseudo-R2 and likelihood ratio test statistic can be
computed before and after matching. Before-matching statistics come from the probit
estimation of the propensity score with all covariates as regressors for the unmatched
sample. After-matching statistics come from the probit estimation for the matched sam-
ple. The pseudo-R2 is McFadden’s Pseudo-R2, defined as:
Psuedo-R2 “ 1´ lnpLMq
lnpL0q
Where LM is likelihood function value for the probit being estimated with all covariates,
and L0 is the likelihood function value with no covariates. After matching, the pseudo-
R2 should be low. This means that, after matching, the covariates do not change the
likelihood function value much relative to a model with no covariates. This is the case
24Column 5 may be of most concern since its value is 25%.
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in all models presented.
The likelihood ratio test statistic, which follows a χ2 distribution, is defined as:
LR “ ´2 ¨ plnpL0q ´ lnpLMqq
After matching, the likelihood ratio test statistic should be low and insignificant. This
means that, after matching, the model with covariates has a similar log likelihood to the
model without any covariates. This is the case in all models presented.
Finally, a stratification method can be used in combination with the t-test. To com-
pare balance, observations are first divided into equal intervals based on the propensity
score. If the propensity score is unbalanced within blocks, the blocks are further divided
until each block has the same mean propensity score. After the number of blocks is
determined, within each block, a t-test is conducted for the mean of each covariate. This
method provides a more detailed analysis of which covariates remain unbalanced. I
report the number of stratification blocks and the number of unbalanced block-variable
combinations in each model. The number of unbalanced block-variable combinations
ranges between 2 and 10 for the models in Table 6.
6.4.3 Balance of Covariates
I report statistics about the balance of the specific covariates in Tables 7 through 12.
Tables 7 and 8 correspond to PSM for any caregiving by females and males, respectively.
Tables 9 and 10 correspond to PSM for daily caregiving by females and males, respec-
tively. Finally, Tables 11 and 12 correspond to PSM for 20+ hours per week of caregiving
by females and males, respectively. Results from balance tests for the different caregiving
measures are substantively similar, and important differences are noted below.
One statistic used to assess balance for each variable is the standardized bias (SB). It
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Table 6: PSM Balance Statistics
Any 
caregiving
Daily 
caregiving
20+ 
hours/week 
caregiving
Any 
caregiving
Daily 
caregiving
20+ 
hours/week 
caregiving
(1) (2) (3) (4) (5) (6)
Treated:
On support 1,230 875 451 875 646 360
Off support 5 3 1 4 0 1
Not treated:
On support 8,541 8,898 9,324 8,581 8,814 9,099
Off support 0 0 0 0 0 0
Rubin's B 21.3 20.4 19.1 24 25 19.4
Rubin's R 1.01 1.05 1 1.2 1.19 1.09
Pseudo R-squared
Before 0.268 0.256 0.237 0.313 0.304 0.262
After 0.008 0.007 0.007 0.01 0.011 0.007
Likelihood Ratio
Before 1,983.73 1,509.55 867.37 1,826.29 1,435.17 800.48
p > chi-squared 0 0 0 0 0 0
After 27.69 18.09 8.22 25.09 20 6.8
p > chi-squared 0.999 1 1 1 1 1
Standardized bias: 
Mean before 14.1 14.3 16.8 14.6 15 15.6
Mean after 2.5 2.3 2.1 2.7 2.5 2.1
Median before 6.2 6.6 8.1 5.8 5.7 7.1
Median after 2.2 1.9 2.1 2.3 2.2 1.7
Stratification:
Blocks 13 12 9 11 13 11
Unbalanced block-variable combinations 10 8 2 6 6 5
Females Males
Note: The balance statistics are calculated after kernel matching with a 0.03 bandwidth for the sample size corresponding to
immediate outcomes in time t.
measures the difference in means between the treatment and control groups divided by
the square root of the average variance of both groups. It is calculated for each covariate,
x P X. SB is calculated:
SBx “ x¯t ´ x¯cb
1
2pσ2t ` σ2c q
SB is often reported as a percentage, and most empirical studies recommend that match-
ing reduce the SB to less than 5% for each covariate (Caliendo and Kopeinig, 2005). The
mean and median standardized bias for all covariates are reported in Table 6. All are
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below 3% after matching. The standardized bias for each covariate is reported in Tables 7
through 12 below. The models for any caregiving have the largest number of covariates
with SB above 5% after matching. For females there are four variables and for males
there are six variables with SB above 5%.
The models for 20+ hours per week of caregiving have fewer variables with SB above
this threshold; however, the SB for lagged caregiving status is above 5%. For females
the SB is 6.2% and for males it is 7.7% (Tables 11 and 12, respectively). These statistics
suggests the models for 20+ hours per week of caregiving may have some imbalance
in terms of lagged caregiving status. I deal with this in two ways. First, regression
adjustment helps control for remaining imbalance. Second, I provide a robustness check
where I only consider individuals who did not provide care at time t´ 2, and therefore
I do not have to balance the sample on lagged caregiving status. The SB bias measures
for lagged caregiving are below 5% for all other models.
The two-sample t-test for the mean of a covariate between the treatment and control
group can be used to compare covariates after matching. After successful matching, the
t-statistic should be insignificant, so that the treated and control groups are indistin-
guishable for the mean of a covariate, x. The t-statistics are insignificant for all of the
covariates in each model of caregiving (any, daily, and 20+ hours/week) and for both
males and females. Therefore, results from the t-tests indicate that matching resulted in
successful balance.
A third statistic proposed by Rubin (2001) is the ratio of the variances of the residuals
of the treatment group to the control group when a covariate, x, is regressed on the
propensity score. The residual captures the part of the covariate which is uncorrelated
with the propensity score. Ideally, the residual variance is equal between the treatment
and control groups, so matching is perfectly balanced when this ratio is 1. Rubin (2001)
recommends that this statistic fall between 0.8 and 1.25 for well balanced matching. The
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ratios are reported in the last columns of Tables 7 through 12. In the model for any
caregiving, for females there are two variables and for males there are four variables
which fall outside of this range. For all models, the variance ratios are between 0.91 and
0.95 for the lagged caregiving variables.
In summary, balance statistics presented above indicate that only a small number of
covariates are imbalanced between the treatment and control groups after matching, and
the models meet the literature’s recommendations for overall balance (e.g., Caliendo and
Kopeinig, 2005; Rubin, 2001). Regression adjustment will help control for the remaining
imbalance.
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Table 7: Balance Statistics for Females (Any Caregiving)
Lagged caregiving treatment:
Any caregiving 0.428 0.034 105.5 52.75 0 2.91** 0.428 0.419 2.2 0.42 0.674 0.95
Respondent lagged covariates:
CESD-8 1.243 1.086 9.3 3.14 0.002 1.14 1.243 1.231 0.7 0.18 0.858 1.01
SAH 3.287 3.348 -6.2 -2.03 0.042 0.97 3.287 3.237 5 1.23 0.218 0.94
Log of respondent's doctor visits 2.058 2.017 4.8 1.61 0.107 1.1 2.058 2.033 3 0.72 0.474 0.99
Respondent 1+ ADL limitation 0.085 0.107 -7.8 -2.46 0.014 0.81 0.085 0.090 -1.8 -0.46 0.642 0.96
Respondent prescription drug use 0.880 0.883 -0.9 -0.28 0.777 1.02 0.880 0.872 2.6 0.64 0.524 0.94
Age quartile 1 0.373 0.419 -9.3 -3.02 0.002 0.97 0.373 0.378 -1 -0.26 0.797 1
Age quartile 2 0.186 0.211 -6.2 -2.01 0.044 0.91 0.186 0.178 2.2 0.55 0.579 1.05
Age quartile 3 0.241 0.233 2.1 0.69 0.489 1.03 0.241 0.231 2.4 0.59 0.553 1.03
Education categories:
GED 0.037 0.037 -0.1 -0.03 0.975 1 0.037 0.035 0.8 0.2 0.838 1.04
High school graduate 0.414 0.377 7.5 2.47 0.014 1.03 0.414 0.402 2.5 0.61 0.544 1.01
Some college 0.211 0.239 -6.6 -2.12 0.034 0.92 0.211 0.183 6.8 1.78 0.076 1.1
College graduate 0.133 0.194 -16.6 -5.15 0 0.73* 0.133 0.146 -3.6 -0.96 0.338 0.91
Race categories:
Black/African American 0.087 0.070 6.2 2.12 0.034 1.22 0.087 0.090 -1 -0.24 0.809 0.97
Other race 0.027 0.032 -3.2 -1.03 0.304 0.84 0.027 0.028 -1 -0.25 0.805 0.94
Foreign born 0.086 0.096 -3.5 -1.13 0.26 0.91 0.086 0.087 -0.3 -0.08 0.938 0.99
Hispanic indicator 0.076 0.069 2.6 0.87 0.384 1.09 0.076 0.083 -2.8 -0.65 0.513 0.9
Unemployed 0.007 0.007 -0.8 -0.25 0.803 0.91 0.007 0.009 -2.7 -0.63 0.527 0.75*
Retired 0.645 0.632 2.7 0.89 0.374 0.98 0.645 0.626 4 0.98 0.326 0.98
Respondent cares for their parent 0.024 0.025 -0.5 -0.16 0.87 0.97 0.024 0.023 1.2 0.31 0.757 1.08
Respondent cares for their parent-in-law 0.004 0.006 -3.3 -1 0.319 0.63* 0.004 0.003 1.7 0.52 0.603 1.43*
Number of children 3.261 3.165 5 1.69 0.09 1.21 3.261 3.284 -1.2 -0.28 0.776 1.03
Number of daughters 1.615 1.550 4.6 1.57 0.115 1.30* 1.615 1.667 -3.7 -0.9 0.369 1.19
At least one residing child 0.149 0.121 8 2.73 0.006 1.19 0.149 0.155 -1.7 -0.4 0.689 0.97
Number of living siblings 2.517 2.386 5.9 1.98 0.048 1.16 2.517 2.451 2.9 0.71 0.478 1.05
Fraction of household income respondent earns 0.052 0.044 5.7 1.93 0.053 1.25* 0.052 0.052 0 0 0.997 1.01
Spouse lagged covariates:
1+ ADL limitation 0.386 0.070 81.4 35.25 0 2.91** 0.386 0.387 -0.2 -0.05 0.963 1
1+ IADL limitation 0.374 0.045 88.4 41.72 0 3.44** 0.374 0.366 2.2 0.42 0.677 0.97
Log of doctor visits 2.285 1.971 35.3 12.03 0 1.28* 2.285 2.285 0 0 0.998 0.95
Prescription drug use 0.929 0.862 22.1 6.59 0 0.56* 0.929 0.920 2.9 0.83 0.404 0.87
CESD-8 1.565 0.699 56.2 21.63 0 2.14** 1.565 1.653 -5.7 -1.15 0.249 0.95
SAH 2.639 3.351 -69.8 -23.6 0 1.29* 2.639 2.649 -0.9 -0.23 0.819 1.05
Age quartile 1 0.073 0.140 -21.7 -6.48 0 0.59* 0.073 0.069 1.4 0.42 0.678 1.06
Age quartile 2 0.189 0.275 -20.5 -6.4 0 0.78* 0.189 0.182 1.7 0.46 0.645 1.04
Age quartile 3 0.322 0.335 -2.8 -0.93 0.352 0.98 0.322 0.313 2 0.5 0.619 1.01
Household lagged covariates:
Income quartile 1 0.335 0.238 21.6 7.37 0 1.24 0.335 0.356 -4.7 -1.11 0.266 0.98
Income quartile 2 0.266 0.247 4.4 1.45 0.146 1.05 0.266 0.249 3.8 0.94 0.348 1.05
Income quartile 3 0.207 0.256 -11.5 -3.66 0 0.86 0.207 0.209 -0.4 -0.11 0.916 0.99
Assets quartile 1 0.354 0.236 26.3 9.02 0 1.30* 0.354 0.357 -0.6 -0.15 0.881 1
Assets quartile 2 0.262 0.247 3.4 1.13 0.26 1.04 0.262 0.274 -2.8 -0.69 0.488 0.95
Assets quartile 3 0.220 0.255 -8 -2.59 0.01 0.9 0.220 0.206 3.4 0.88 0.38 1.07
Rural household 0.349 0.313 7.6 2.52 0.012 1.06 0.349 0.354 -1.2 -0.29 0.774 1
After Matching 
Mean
Before Matching
Mean
TreatedTreated Control
Standardized 
Bias t p > | t |
Variance 
ratio
Standardized 
Bias t p > | t |
Variance 
ratioControl
Note: These balance statistics are calculated after kernel matching with a 0.03 bandwidth for females. The treatment is any caregiving in time t. Variance ratio refers to the ratio of the variances
of the residuals of the treatment group to the control group when a covariate, x, is regressed on the propensity score. Controls for census divisions and time-fixed effects are not reported to
save space.
Table 8: Balance Statistics for Males (Any Caregiving)
Lagged caregiving treatment:
Any caregiving 0.478 0.027 121.1 58.37 0 2.94** 0.478 0.463 3.9 0.61 0.544 0.92
Respondent lagged covariates:
CESD-8 0.880 0.816 4.6 1.31 0.189 1.12 0.880 0.946 -4.8 -0.96 0.337 0.99
SAH 3.298 3.253 4.5 1.26 0.209 0.94 3.298 3.287 1.1 0.23 0.818 0.89
Log of respondent's doctor visits 1.983 2.015 -3.8 -1.06 0.291 0.98 1.983 2.017 -4 -0.85 0.395 1.05
Respondent 1+ ADL limitation 0.083 0.117 -11.2 -2.97 0.003 0.74* 0.083 0.083 0.1 0.03 0.978 1
Respondent prescription drug use 0.862 0.873 -3.3 -0.95 0.342 1.08 0.862 0.866 -1.3 -0.27 0.791 1.03
Age quartile 1 0.127 0.132 -1.5 -0.41 0.68 0.97 0.127 0.127 -0.2 -0.03 0.972 1
Age quartile 2 0.208 0.269 -14.4 -3.91 0 0.85 0.208 0.204 1 0.23 0.821 1.02
Age quartile 3 0.305 0.336 -6.6 -1.85 0.064 0.95 0.305 0.333 -5.9 -1.25 0.213 0.92
Education categories:
GED 0.066 0.050 6.8 2.03 0.043 1.30* 0.066 0.068 -0.7 -0.14 0.885 0.98
High school graduate 0.285 0.277 1.7 0.49 0.624 1.02 0.285 0.296 -2.4 -0.51 0.612 0.96
Some college 0.171 0.180 -2.3 -0.64 0.521 0.96 0.171 0.162 2.5 0.53 0.598 1.04
College graduate 0.246 0.289 -9.7 -2.69 0.007 0.91 0.246 0.232 3 0.66 0.51 1.05
Race categories:
Black/African American 0.072 0.069 1.2 0.33 0.738 1.04 0.072 0.076 -1.6 -0.34 0.737 0.96
Other race 0.019 0.028 -5.8 -1.51 0.13 0.70* 0.019 0.026 -4.3 -0.92 0.36 0.76*
Foreign born 0.062 0.087 -9.5 -2.52 0.012 0.74* 0.062 0.059 0.9 0.2 0.84 1.03
Hispanic indicator 0.040 0.065 -11.1 -2.89 0.004 0.64* 0.040 0.037 1.4 0.34 0.731 1.09
Unemployed 0.011 0.006 5.3 1.71 0.087 1.77* 0.011 0.006 5.9 1.26 0.207 1.86*
Retired 0.795 0.761 8.4 2.31 0.021 0.89 0.795 0.795 0.1 0.01 0.99 1
Respondent cares for their parent 0.008 0.007 1.2 0.34 0.735 1.15 0.008 0.008 0.5 0.1 0.917 1.06
Respondent cares for their parent-in-law 0.014 0.012 1.8 0.54 0.592 1.18 0.014 0.020 -5.5 -1.01 0.313 0.70*
Number of children 3.338 3.520 -9.3 -2.55 0.011 0.85 3.338 3.457 -6.1 -1.27 0.204 0.87
Number of daughters 1.593 1.707 -8.3 -2.25 0.024 0.84 1.593 1.651 -4.2 -0.88 0.377 0.87
At least one residing child 0.136 0.124 3.5 0.99 0.321 1.08 0.136 0.136 0.1 0.02 0.98 1
Number of living siblings 2.160 2.291 -6.1 -1.73 0.084 1.02 2.160 2.126 1.6 0.33 0.738 1.04
Fraction of household income respondent earns 0.040 0.046 -4.6 -1.28 0.199 0.93 0.040 0.040 0.1 0.03 0.976 1.01
Spouse lagged covariates:
1+ ADL limitation 0.411 0.070 87.1 33.72 0 2.86** 0.411 0.408 1 0.17 0.867 0.99
1+ IADL limitation 0.432 0.044 102.5 44.48 0 3.34** 0.432 0.419 3.3 0.53 0.593 0.94
Log of doctor visits 2.353 1.993 40.4 12.05 0 1.39* 2.353 2.374 -2.4 -0.5 0.616 1.27*
Prescription drug use 0.967 0.876 34.1 8 0 0.32** 0.967 0.963 1.5 0.46 0.648 0.89
CESD-8 2.016 1.004 55.4 17.84 0 1.76* 2.016 2.109 -5.1 -0.93 0.352 1.02
SAH 2.523 3.426 -92.1 -26.81 0 1.43* 2.523 2.491 3.3 0.65 0.513 1.04
Age quartile 1 0.291 0.415 -26 -7.09 0 0.9 0.291 0.302 -2.2 -0.48 0.63 0.97
Age quartile 2 0.165 0.213 -12.4 -3.36 0.001 0.82 0.165 0.178 -3.3 -0.72 0.473 0.94
Age quartile 3 0.270 0.237 7.4 2.13 0.033 1.1 0.270 0.260 2.1 0.44 0.66 1.02
Household lagged covariates:
Income quartile 1 0.319 0.242 17.1 5 0 1.2 0.319 0.363 -10 -1.97 0.049 0.89
Income quartile 2 0.258 0.250 1.8 0.51 0.61 1.02 0.258 0.250 1.9 0.4 0.69 1.01
Income quartile 3 0.258 0.250 1.9 0.53 0.594 1.02 0.258 0.234 5.6 1.18 0.238 1.09
Assets quartile 1 0.327 0.242 18.9 5.55 0 1.21 0.327 0.355 -6.4 -1.26 0.208 1
Assets quartile 2 0.259 0.250 2.3 0.64 0.524 1.03 0.259 0.255 1 0.21 0.833 1.02
Assets quartile 3 0.216 0.253 -8.8 -2.44 0.015 0.9 0.216 0.217 -0.2 -0.05 0.958 1
Rural household 0.367 0.320 9.9 2.84 0.005 1.06 0.367 0.374 -1.5 -0.3 0.762 1
Before Matching After Matching 
Mean Standardized 
Bias t p > | t |
Variance 
ratio
Mean Standardized 
Bias t p > | t |
Variance 
ratioTreated Control Treated Control
Note: These balance statistics are calculated after kernel matching with a 0.03 bandwidth for males. The treatment is any caregiving in time t. Variance ratio refers to the ratio of the variances
of the residuals of the treatment group to the control group when a covariate, x, is regressed on the propensity score. Controls for census divisions and time-fixed effects are not reported to
save space.
Table 9: Balance Statistics for Females (Daily Caregiving)
Lagged caregiving treatment:
Daily caregiving 0.358 0.024 93.7 45.91 0 4.31** 0.358 0.346 3.4 0.53 0.599 0.93
Respondent lagged covariates:
CESD-8 1.282 1.090 11.4 3.32 0.001 1.16 1.282 1.297 -0.9 -0.17 0.862 0.99
SAH 3.267 3.348 -8.1 -2.29 0.022 1.03 3.267 3.217 5.1 1.05 0.294 1
Log of respondent's doctor visits 2.069 2.018 5.9 1.72 0.085 1.14 2.069 2.036 3.8 0.78 0.436 1.03
Respondent 1+ ADL limitation 0.095 0.106 -3.6 -0.98 0.325 0.91 0.095 0.099 -1.4 -0.29 0.77 0.97
Respondent prescription drug use 0.883 0.883 0.2 0.06 0.955 1 0.883 0.875 2.8 0.57 0.568 0.93
Age quartile 1 0.368 0.417 -10.1 -2.83 0.005 0.96 0.368 0.374 -1.2 -0.26 0.798 1
Age quartile 2 0.179 0.211 -7.9 -2.18 0.03 0.89 0.179 0.178 0.3 0.07 0.947 1.01
Age quartile 3 0.240 0.233 1.7 0.47 0.639 1.02 0.240 0.235 1.2 0.26 0.798 1.01
Education categories:
GED 0.041 0.036 2.5 0.73 0.468 1.13 0.041 0.043 -0.7 -0.15 0.88 0.97
High school graduate 0.416 0.379 7.6 2.17 0.03 1.03 0.416 0.416 0 -0.01 0.994 1
Some college 0.195 0.239 -10.6 -2.92 0.004 0.87 0.195 0.171 6 1.33 0.182 1.11
College graduate 0.125 0.192 -18.5 -4.89 0 0.70* 0.125 0.137 -3.4 -0.76 0.449 0.9
Race categories:
Black/African American 0.093 0.070 8.1 2.41 0.016 1.28* 0.093 0.086 2.4 0.47 0.637 1.06
Other race 0.033 0.031 0.9 0.27 0.787 1.05 0.033 0.034 -0.5 -0.1 0.918 0.97
Foreign born 0.097 0.095 0.8 0.23 0.817 1.02 0.097 0.094 1.1 0.23 0.821 1.04
Hispanic indicator 0.079 0.069 3.9 1.12 0.264 1.14 0.079 0.081 -0.8 -0.17 0.866 0.97
Unemployed 0.006 0.007 -1.8 -0.5 0.618 0.80* 0.006 0.006 -0.5 -0.1 0.919 0.94
Retired 0.663 0.630 6.8 1.9 0.057 0.95 0.663 0.633 6.2 1.3 0.194 0.95
Respondent cares for their parent 0.023 0.025 -1.6 -0.44 0.661 0.91 0.023 0.022 0.4 0.09 0.927 1.03
Respondent cares for their parent-in-law 0.002 0.007 -6.4 -1.53 0.126 0.35** 0.002 0.004 -1.9 -0.48 0.628 0.65*
Number of children 3.215 3.174 2.1 0.62 0.536 1.19 3.215 3.269 -2.8 -0.57 0.57 0.98
Number of daughters 1.594 1.555 2.8 0.83 0.408 1.30* 1.594 1.634 -2.8 -0.57 0.571 1.15
At least one residing child 0.152 0.122 8.7 2.56 0.011 1.2 0.152 0.151 0.4 0.08 0.939 1.01
Number of living siblings 2.546 2.388 7 2.06 0.04 1.22 2.546 2.497 2.2 0.45 0.656 1.06
Fraction of household income respondent earns 0.045 0.045 -0.4 -0.11 0.913 1.03 0.045 0.046 -1.1 -0.22 0.824 0.98
Spouse lagged covariates:
1+ ADL limitation 0.398 0.081 79.7 29.82 0 2.84** 0.398 0.410 -3 -0.51 0.612 1.05
1+ IADL limitation 0.409 0.055 92.5 38.15 0 2.92** 0.409 0.409 0 0 0.997 1
Log of doctor visits 2.328 1.980 38.8 11.47 0 1.32* 2.328 2.314 1.5 0.3 0.764 1.01
Prescription drug use 0.930 0.865 21.8 5.53 0 0.56* 0.930 0.920 3.5 0.83 0.405 0.86
CESD-8 1.630 0.728 57.1 19.26 0 2.19** 1.630 1.688 -3.7 -0.64 0.525 0.96
SAH 2.557 3.330 -75.4 -21.98 0 1.34* 2.557 2.575 -1.8 -0.37 0.711 1.04
Age quartile 1 0.070 0.137 -22.4 -5.67 0 0.57* 0.070 0.065 1.5 0.37 0.708 1.08
Age quartile 2 0.182 0.273 -21.8 -5.83 0 0.76* 0.182 0.183 -0.2 -0.05 0.958 1
Age quartile 3 0.311 0.336 -5.3 -1.49 0.135 0.96 0.311 0.308 0.6 0.12 0.901 1
Household lagged covariates:
Income quartile 1 0.350 0.241 24.1 7.13 0 1.27* 0.350 0.371 -4.7 -0.93 0.351 0.98
Income quartile 2 0.272 0.247 5.8 1.64 0.1 1.07 0.272 0.261 2.4 0.5 0.617 1.01
Income quartile 3 0.199 0.254 -13.3 -3.63 0 0.84 0.199 0.198 0.3 0.06 0.952 1.01
Assets quartile 1 0.373 0.239 29.3 8.74 0 1.31* 0.373 0.364 1.9 0.38 0.702 1
Assets quartile 2 0.246 0.249 -0.8 -0.22 0.828 0.99 0.246 0.273 -6.3 -1.29 0.198 0.87
Assets quartile 3 0.218 0.253 -8.3 -2.28 0.022 0.9 0.218 0.211 1.8 0.39 0.696 1.02
Rural household 0.358 0.313 9.4 2.69 0.007 1.07 0.358 0.362 -1 -0.21 0.838 1
Before Matching After Matching 
Mean Standardized 
Bias t p > | t |
Variance 
ratio
Mean Standardized 
Bias t p > | t |
Variance 
ratioTreated Control Treated Control
Note: These balance statistics are calculated after kernel matching with a 0.03 bandwidth for females. The treatment is daily caregiving in time t. Variance ratio refers to the ratio of the
variances of the residuals of the treatment group to the control group when a covariate, x, is regressed on the propensity score. Controls for census divisions and time-fixed effects are not
reported to save space.
Table 10: Balance Statistics for Males (Daily Caregiving)
Lagged caregiving treatment:
Daily caregiving 0.432 0.020 112.9 53.74 0 3.93** 0.432 0.418 3.9 0.52 0.606 0.91
Respondent lagged covariates:
CESD-8 0.927 0.815 8 2.02 0.044 1.15 0.927 1.000 -5.1 -0.87 0.384 0.93
SAH 3.243 3.258 -1.5 -0.37 0.715 0.92 3.243 3.229 1.4 0.25 0.803 0.88
Log of respondent's doctor visits 1.999 2.013 -1.6 -0.39 0.698 1.01 1.999 2.034 -4.1 -0.75 0.453 1.11
Respondent 1+ ADL limitation 0.081 0.116 -12 -2.76 0.006 0.73* 0.081 0.080 0 0.01 0.993 1
Respondent prescription drug use 0.865 0.872 -2 -0.5 0.617 1.05 0.865 0.876 -3.1 -0.56 0.576 1.07
Age quartile 1 0.119 0.133 -4 -0.97 0.334 0.91 0.119 0.139 -6 -1.07 0.284 0.91
Age quartile 2 0.198 0.268 -16.6 -3.9 0 0.83 0.198 0.204 -1.4 -0.27 0.786 0.97
Age quartile 3 0.303 0.335 -6.8 -1.66 0.097 0.94 0.303 0.310 -1.3 -0.24 0.807 0.98
Education categories:
GED 0.067 0.051 6.6 1.71 0.087 1.29* 0.067 0.068 -0.5 -0.09 0.929 0.98
High school graduate 0.285 0.277 1.8 0.44 0.661 1.02 0.285 0.295 -2.4 -0.42 0.676 0.97
Some college 0.170 0.180 -2.6 -0.63 0.532 0.96 0.170 0.159 3 0.54 0.586 1.04
College graduate 0.248 0.287 -9 -2.16 0.031 0.91 0.248 0.245 0.7 0.13 0.899 1.01
Race categories:
Black/African American 0.060 0.070 -3.9 -0.92 0.358 0.87 0.060 0.069 -3.4 -0.62 0.536 0.88
Other race 0.017 0.028 -7.5 -1.67 0.095 0.62* 0.017 0.019 -1.1 -0.23 0.818 0.91
Foreign born 0.062 0.086 -9.2 -2.12 0.034 0.75* 0.062 0.057 2 0.41 0.685 1.09
Hispanic indicator 0.039 0.064 -11.6 -2.59 0.01 0.63* 0.039 0.038 0.5 0.11 0.91 1.03
Unemployed 0.011 0.007 4.6 1.26 0.206 1.64* 0.011 0.009 2.4 0.42 0.678 1.26*
Retired 0.803 0.761 10.4 2.47 0.013 0.87 0.803 0.804 -0.1 -0.02 0.985 1
Respondent cares for their parent 0.006 0.007 -1.2 -0.28 0.78 0.87 0.006 0.006 0.6 0.12 0.908 1.09
Respondent cares for their parent-in-law 0.008 0.012 -4.4 -1 0.318 0.64* 0.008 0.012 -4.1 -0.75 0.454 0.67*
Number of children 3.310 3.518 -10.8 -2.54 0.011 0.82 3.310 3.351 -2.2 -0.4 0.691 0.89
Number of daughters 1.553 1.707 -11.3 -2.66 0.008 0.83 1.553 1.590 -2.7 -0.51 0.609 0.94
At least one residing child 0.136 0.125 3.5 0.86 0.388 1.08 0.136 0.136 0 0 0.997 1
Number of living siblings 2.163 2.289 -5.7 -1.45 0.147 1.15 2.163 2.122 1.8 0.34 0.735 1.26*
Fraction of household income respondent earns 0.041 0.046 -4.2 -1.04 0.299 1 0.041 0.040 0.2 0.05 0.964 1.03
Spouse lagged covariates:
1+ ADL limitation 0.426 0.078 87.3 29.44 0 2.75** 0.426 0.409 4.2 0.61 0.545 0.96
1+ IADL limitation 0.455 0.052 104.3 39.29 0 2.91** 0.455 0.443 3.2 0.44 0.661 0.94
Log of doctor visits 2.363 2.003 40.5 10.5 0 1.35* 2.363 2.383 -2.2 -0.38 0.702 1.13
Prescription drug use 0.964 0.879 32.2 6.57 0 0.34** 0.964 0.965 -0.1 -0.02 0.984 1.01
CESD-8 2.056 1.028 56 15.69 0 1.78* 2.056 2.170 -6.2 -0.97 0.333 0.97
SAH 2.461 3.406 -97.7 -24.25 0 1.44* 2.461 2.422 4.1 0.7 0.483 0.95
Age quartile 1 0.269 0.413 -30.6 -7.19 0 0.86 0.269 0.297 -6 -1.11 0.266 0.94
Age quartile 2 0.169 0.211 -10.9 -2.57 0.01 0.83 0.169 0.182 -3.4 -0.63 0.527 0.92
Age quartile 3 0.263 0.239 5.6 1.39 0.165 1.07 0.263 0.257 1.5 0.27 0.786 1.02
Household lagged covariates:
Income quartile 1 0.331 0.243 19.5 4.98 0 1.23 0.331 0.356 -5.6 -0.95 0.343 0.94
Income quartile 2 0.260 0.250 2.2 0.55 0.585 1.03 0.260 0.265 -1.2 -0.21 0.834 1
Income quartile 3 0.248 0.251 -0.8 -0.19 0.852 0.99 0.248 0.233 3.4 0.62 0.535 1.04
Assets quartile 1 0.344 0.243 22.2 5.71 0 1.25* 0.344 0.360 -3.5 -0.6 0.546 0.99
Assets quartile 2 0.252 0.250 0.5 0.12 0.908 1.01 0.252 0.269 -3.9 -0.69 0.49 0.95
Assets quartile 3 0.211 0.253 -10.1 -2.4 0.016 0.88 0.211 0.208 0.5 0.09 0.928 1.01
Rural household 0.354 0.322 6.8 1.7 0.09 1.04 0.354 0.347 1.7 0.29 0.769 1
Before Matching After Matching 
Mean Standardized 
Bias t p > | t |
Variance 
ratio
Mean Standardized 
Bias t p > | t |
Variance 
ratioTreated Control Treated Control
Note: These balance statistics are calculated after kernel matching with a 0.03 bandwidth for males. The treatment is daily caregiving in time t. The treatment is any caregiving in time t.
Variance ratio refers to the ratio of the variances of the residuals of the treatment group to the control group when a covariate, x, is regressed on the propensity score. Controls for census
divisions and time-fixed effects are not reported to save space.
Table 11: Balance Statistics for Females (20+ Hours/Week Caregiving)
Lagged caregiving treatment:
20+ hours/week caregiving 0.220 0.012 68.5 31.04 0 8.17** 0.220 0.201 6.2 0.7 0.486 0.95
Respondent lagged covariates:
CESD-8 1.470 1.089 22.2 4.83 0 1.23 1.470 1.440 1.7 0.24 0.807 0.94
SAH 3.111 3.352 -23.9 -5.05 0 1.12 3.111 3.103 0.7 0.11 0.912 1.01
Log of respondent's doctor visits 2.051 2.021 3.4 0.73 0.465 1.17 2.051 2.061 -1.2 -0.17 0.869 0.97
Respondent 1+ ADL limitation 0.111 0.104 2.1 0.45 0.654 1.06 0.111 0.109 0.7 0.11 0.916 1.02
Respondent prescription drug use 0.885 0.883 0.6 0.12 0.901 0.98 0.885 0.895 -3.1 -0.47 0.637 1.05
Age quartile 1 0.341 0.416 -15.5 -3.15 0.002 0.94 0.341 0.341 0 0.01 0.995 1
Age quartile 2 0.188 0.209 -5.1 -1.05 0.296 0.93 0.188 0.179 2.5 0.38 0.703 1.04
Age quartile 3 0.220 0.234 -3.5 -0.72 0.471 0.96 0.220 0.219 0.1 0.01 0.992 1
Education categories:
GED 0.044 0.036 4.1 0.88 0.378 1.21 0.044 0.038 3 0.44 0.659 1.11
High school graduate 0.364 0.383 -4 -0.82 0.414 0.98 0.364 0.383 -4 -0.59 0.553 0.98
Some college 0.182 0.238 -13.8 -2.74 0.006 0.83 0.182 0.182 0 0 0.996 1
College graduate 0.126 0.189 -17.1 -3.32 0.001 0.72* 0.126 0.122 1.2 0.2 0.844 1.04
Race categories:
Black/African American 0.122 0.070 17.7 4.16 0 1.67* 0.122 0.118 1.2 0.16 0.871 1.01
Other race 0.044 0.031 7 1.58 0.114 1.41* 0.044 0.038 3.6 0.51 0.607 1.13
Foreign born 0.131 0.093 11.9 2.66 0.008 1.34* 0.131 0.106 7.8 1.14 0.256 1.19
Hispanic indicator 0.115 0.067 16.6 3.9 0 1.62* 0.115 0.104 4 0.56 0.577 1.09
Unemployed 0.004 0.007 -3.6 -0.68 0.496 0.62* 0.004 0.005 -1.2 -0.19 0.848 0.83
Retired 0.667 0.632 7.5 1.54 0.124 0.96 0.667 0.637 6.4 0.96 0.338 0.99
Respondent cares for their parent 0.024 0.025 -0.5 -0.09 0.925 0.97 0.024 0.020 2.8 0.44 0.657 1.19
Respondent cares for their parent-in-law 0.002 0.006 -6.3 -1.09 0.275 0.35** 0.002 0.003 -0.9 -0.17 0.861 0.81
Number of children 3.326 3.171 7.9 1.74 0.082 1.25* 3.326 3.345 -0.9 -0.13 0.894 0.94
Number of daughters 1.656 1.554 7 1.59 0.113 1.46* 1.656 1.704 -3.2 -0.46 0.643 1.23
At least one residing child 0.182 0.122 16.7 3.76 0 1.38* 0.182 0.166 4.4 0.62 0.535 1.03
Number of living siblings 2.701 2.388 13.2 2.99 0.003 1.44* 2.701 2.553 6.2 0.89 0.375 1.1
Fraction of household income respondent earns 0.045 0.045 0 0 0.997 1.14 0.045 0.045 0 -0.01 0.995 1.06
Spouse lagged covariates:
1+ ADL limitation 0.417 0.095 79.2 21.84 0 2.50** 0.417 0.416 0.2 0.03 0.98 1
1+ IADL limitation 0.435 0.070 92.5 27.94 0 2.41** 0.435 0.429 1.3 0.16 0.876 0.97
Log of doctor visits 2.380 1.993 41.8 9.34 0 1.47* 2.380 2.340 4.3 0.62 0.535 1.16
Prescription drug use 0.936 0.867 23.1 4.23 0 0.53* 0.936 0.925 3.6 0.63 0.526 0.85
CESD-8 1.809 0.762 64.3 16.33 0 2.20** 1.809 1.822 -0.8 -0.09 0.925 0.86
SAH 2.475 3.299 -78.8 -17.04 0 1.35* 2.475 2.497 -2.1 -0.31 0.759 1
Age quartile 1 0.064 0.135 -23.6 -4.32 0 0.54* 0.064 0.066 -0.7 -0.12 0.905 0.98
Age quartile 2 0.182 0.268 -20.8 -4.08 0 0.76* 0.182 0.184 -0.4 -0.07 0.947 0.99
Age quartile 3 0.266 0.337 -15.4 -3.11 0.002 0.87 0.266 0.265 0.3 0.05 0.959 1.01
Household lagged covariates:
Income quartile 1 0.415 0.242 37.3 8.27 0 1.37* 0.415 0.422 -1.5 -0.21 0.831 1.01
Income quartile 2 0.246 0.249 -0.7 -0.14 0.885 0.99 0.246 0.233 3.1 0.47 0.64 1.06
Income quartile 3 0.186 0.252 -16 -3.18 0.002 0.80* 0.186 0.190 -0.9 -0.14 0.892 0.98
Assets quartile 1 0.430 0.242 40.6 9.02 0 1.38* 0.430 0.419 2.4 0.34 0.731 1.01
Assets quartile 2 0.255 0.248 1.5 0.32 0.752 1.02 0.255 0.248 1.5 0.23 0.821 1.02
Assets quartile 3 0.193 0.253 -14.4 -2.87 0.004 0.81 0.193 0.202 -2.3 -0.36 0.719 0.97
Rural household 0.335 0.317 3.9 0.81 0.417 1.03 0.335 0.342 -1.6 -0.24 0.811 1
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Mean Standardized 
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Variance 
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Note: These balance statistics are calculated after kernel matching with a 0.03 bandwidth for females. The treatment is 20+ hours/week of caregiving in time t. Variance ratio refers to the ratio
of the variances of the residuals of the treatment group to the control group when a covariate, x, is regressed on the propensity score. Controls for census divisions and time-fixed effects are
not reported to save space.
Table 12: Balance Statistics for Males (20+ Hours/Week Caregiving)
Lagged caregiving treatment:
20+ hours/week caregiving 0.283 0.013 82.3 35.75 0 7.65** 0.283 0.258 7.7 0.76 0.447 0.91
Respondent lagged covariates:
CESD-8 1.006 0.815 13.1 2.6 0.009 1.29* 1.006 1.044 -2.6 -0.33 0.74 0.98
SAH 3.217 3.259 -4.1 -0.77 0.442 1 3.217 3.179 3.7 0.49 0.622 0.95
Log of respondent's doctor visits 1.963 2.014 -5.7 -1.1 0.271 1.16 1.963 1.977 -1.6 -0.21 0.832 1.12
Respondent 1+ ADL limitation 0.086 0.115 -9.6 -1.68 0.092 0.78* 0.086 0.089 -0.9 -0.13 0.894 0.97
Respondent prescription drug use 0.847 0.873 -7.3 -1.41 0.158 1.17 0.847 0.851 -1.1 -0.15 0.883 1.01
Age quartile 1 0.125 0.132 -2 -0.37 0.709 0.96 0.125 0.128 -0.8 -0.11 0.911 0.98
Age quartile 2 0.206 0.266 -14.2 -2.54 0.011 0.85 0.206 0.190 3.6 0.52 0.605 1.06
Age quartile 3 0.272 0.336 -13.8 -2.5 0.012 0.88 0.272 0.290 -4 -0.54 0.587 0.96
Education categories:
GED 0.083 0.051 13 2.73 0.006 1.58* 0.083 0.083 0.2 0.03 0.977 1.01
High school graduate 0.297 0.277 4.6 0.86 0.392 1.05 0.297 0.295 0.5 0.06 0.95 1.01
Some college 0.167 0.180 -3.5 -0.64 0.521 0.94 0.167 0.164 0.7 0.1 0.919 1.01
College graduate 0.233 0.287 -12.2 -2.2 0.028 0.88 0.233 0.226 1.8 0.25 0.804 1.02
Race categories:
Black/African American 0.064 0.069 -2.2 -0.41 0.683 0.93 0.064 0.060 1.6 0.22 0.825 1.05
Other race 0.011 0.028 -12.2 -1.93 0.054 0.41** 0.011 0.016 -3.6 -0.58 0.565 0.73*
Foreign born 0.069 0.085 -5.8 -1.03 0.302 0.83 0.069 0.075 -2.1 -0.28 0.776 0.93
Hispanic indicator 0.044 0.063 -8.3 -1.44 0.149 0.72* 0.044 0.051 -3 -0.43 0.667 0.86
Unemployed 0.017 0.006 9.6 2.34 0.019 2.57** 0.017 0.013 3.4 0.4 0.691 1.22
Retired 0.800 0.762 9.2 1.66 0.098 0.89 0.800 0.795 1.2 0.17 0.866 0.97
Respondent cares for their parent 0.006 0.007 -2 -0.35 0.725 0.78* 0.006 0.006 -0.7 -0.1 0.921 0.9
Respondent cares for their parent-in-law 0.008 0.012 -3.6 -0.63 0.531 0.70* 0.008 0.014 -5.7 -0.73 0.467 0.63*
Number of children 3.369 3.510 -7.1 -1.29 0.196 0.91 3.369 3.392 -1.1 -0.15 0.88 0.93
Number of daughters 1.575 1.702 -9.3 -1.65 0.099 0.82 1.575 1.596 -1.5 -0.21 0.834 0.9
At least one residing child 0.144 0.125 5.8 1.11 0.266 1.13 0.144 0.140 1.3 0.17 0.863 1
Number of living siblings 2.239 2.282 -1.9 -0.38 0.707 1.32* 2.239 2.201 1.7 0.22 0.826 1.27*
Fraction of household income respondent earns 0.043 0.046 -2 -0.39 0.698 1.12 0.043 0.041 1.9 0.26 0.799 1.12
Spouse lagged covariates:
1+ ADL limitation 0.450 0.088 89.3 22.88 0 2.40** 0.450 0.438 3.1 0.33 0.738 0.95
1+ IADL limitation 0.469 0.064 102.9 29.02 0 2.62** 0.469 0.458 2.9 0.31 0.757 0.94
Log of doctor visits 2.388 2.013 42.2 8.27 0 1.33* 2.388 2.378 1.2 0.15 0.88 1.04
Prescription drug use 0.969 0.882 33.9 5.13 0 0.31** 0.969 0.963 2.6 0.49 0.621 0.82
CESD-8 2.139 1.057 58.9 12.48 0 1.63* 2.139 2.125 0.8 0.09 0.93 0.91
SAH 2.425 3.378 -97.4 -18.32 0 1.44* 2.425 2.422 0.3 0.04 0.968 0.87
Age quartile 1 0.253 0.409 -33.6 -5.94 0 0.84 0.253 0.264 -2.4 -0.34 0.732 0.99
Age quartile 2 0.169 0.210 -10.3 -1.85 0.064 0.85 0.169 0.169 0.1 0.01 0.989 1
Age quartile 3 0.253 0.240 2.9 0.55 0.582 1.04 0.253 0.246 1.6 0.21 0.83 1.03
Household lagged covariates:
Income quartile 1 0.367 0.245 26.7 5.25 0 1.28* 0.367 0.361 1.2 0.15 0.88 1.01
Income quartile 2 0.253 0.251 0.4 0.08 0.94 1.01 0.253 0.262 -2.1 -0.28 0.777 0.99
Income quartile 3 0.247 0.251 -0.8 -0.15 0.878 0.99 0.247 0.231 3.8 0.52 0.606 1.06
Assets quartile 1 0.381 0.245 29.6 5.85 0 1.32* 0.381 0.377 0.8 0.1 0.917 1
Assets quartile 2 0.283 0.249 7.7 1.47 0.142 1.09 0.283 0.269 3.2 0.42 0.676 1.05
Assets quartile 3 0.178 0.253 -18.3 -3.23 0.001 0.78* 0.178 0.184 -1.5 -0.22 0.826 0.97
Rural household 0.342 0.324 3.8 0.72 0.474 1.01 0.342 0.321 4.3 0.58 0.56 0.97
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Note: These balance statistics are calculated after kernel matching with a 0.03 bandwidth for males. The treatment is 20+ hours/week of caregiving in time t. The treatment is any caregiving
in time t. Variance ratio refers to the ratio of the variances of the residuals of the treatment group to the control group when a covariate, x, is regressed on the propensity score. Controls for
census divisions and time-fixed effects are not reported to save space.
6.5 Regression Adjusted PSM Results
The regression adjusted propensity score matching results are presented in Table 13.
I present outcomes for the CESD index of depression symptoms and SAH index for
general health, as well as binary outcomes for having at least 4 CESD symptoms and
reporting poor or fair health.25 I cluster standard errors at the individual level.26
6.5.1 Immediate Effects of Caregiving on Health
Columns 1-3 in Table 13 show large, positive, and statistically significant effects of
the three caregiving measures on CESD symptoms of females. The coefficient estimates
are 0.25, 0.296, and 0.421 for any caregiving, daily caregiving, and 20+ hours/week
caregiving, respectively. These coefficients are all significant at the 1% level. In addition
to being highly statistically significant, these estimates are economically significant. The
female mean CESD score is 1.18. Therefore, these estimates suggest that caregiving of
varying intensities leads to a 21.2%, 25.1%, and 35.6% increase in depressive symptoms.
The estimate for any caregiving is not statistically different from Coe and Van Houtven
(2009) which finds a 15% increase for females caring for their mother.27 The estimate for
daily caregiving is not statistically different from De Zwart et al. (2017) which finds a
29% increase for female spouses caring daily.
Columns 4-6 in Table 13 provide evidence that these increases in CESD symptoms are
occurring along an important margin, severe depressive symptoms. Females providing
25The models with binary outcomes are linear probability models meant to explore where changes in
CESD and SAH are occurring in the indices.
26There is some debate in the literature about if it is important to account for the uncertainty in the
propensity score by bootstrapping, but the most recent work favors estimating robust standard errors
during regression adjustment. De Zwart et al. (2017), Schmitz and Westphal (2015), and Marcus (2014)
use robust standard errors because they tend to be more conservative than those from bootstrapping, and
there is no formal justification for bootstrapping in the literature. Additionally, in the context of my data,
I favor robust standard errors which allow me to cluster by individuals since individuals may be observed
more than once.
27Coe and Van Houtven (2009) considers caregiving as at least 100 hours of ADL/IADL help in the past
2 years. This level of caregiving is most comparable to the model for any caregiving in this paper.
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any care are 4.44pp more likely to have severe depressive symptoms. Females providing
daily care are 6.73pp more likely to have severe depressive symptoms. Those providing
the most intense care, 20+ hours/week, are 8.38pp more likely to have severe depressive
symptoms. These estimates are all statistically significant at the 1% level.
The point estimates of the effects of caregiving on severe depressive symptoms are
lower than those of Heger (2017) which considers caregiving for parents in Europe.
Heger finds a 25pp (29pp) increase in 4 or more depression symptoms for female chil-
dren providing any (weekly) caregiving.28 However, Heger’s estimates are only signif-
icant at the 10% level, from a fixed effects IV model, and for a different population, so
estimates should be compared with caution.
For males, giving 20+ hours/week of care is the only measure of caregiving that has
a significant effect on CESD (column 3). The coefficient is 0.209 and is significant at the
5% level. The CESD mean for males is 0.91, so this coefficient implies an increase of
23% in CESD symptoms. De Zwart et al. (2017) also find a 23% increase in depressive
symptoms for men. In column 6 of Table 13, the coefficient for having 4 or more CESD
symptoms is not statistically significant. Therefore, there is less evidence that depressive
symptoms are increasing to a severe level among men. Additionally, there is no evidence
that less intense caregiving affects CESD for men.
Results for the immediate effect of caregiving on SAH are reported in columns 7-9 of
Table 13. Similar coefficients are reported for both males and females. For daily caregiv-
ing, the coefficient for is 0.0941 for females and 0.0952 for males. Both are statistically
significant at the 5% level. These coefficients are positive, which indicates an increase in
self-reported general health. However, the coefficients are small given the overall sam-
ple mean of 3.19, which implies only a 3% increase in general health scores. Columns
28Heger uses the EURO-D index which is on a scale 0 to 12 depression symptoms, while CESD is on a
scale of 0 to 8.
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10-12 explore the likelihood of reporting poor or fair health. Results insignificant at con-
ventional levels, with the coefficient in column 11 significant only at the 10% level for
females.
De Zwart et al. (2017) finds that caregiving for a spouse leads to lower self-reported
health in Europe. I do not find any evidence supporting this result for spousal caregivers
in the US. Overall, my results for SAH are mostly insignificant, and the few significant
positive estimates are quite small relative to the mean.
6.5.2 Delayed Effects of Caregiving on Mental Health
Next, I consider outcomes for depressive symptoms measured at time t` 2 to investi-
gate if there are delayed health effects of caregiving in time t. Therefore, these outcomes
are measured 2 years after caregiving is measured. Following De Zwart et al. (2017), this
analysis resembles an intent to treat analysis because I do not, in any way, control for
if these individuals continue providing care between time t and time t` 2.29 Therefore,
I do not know the mechanism behind these effects. For example, those who stop care-
giving may experience a lagged mental health effect from caring in time t. Those who
continue caregiving may continue to experience decreased mental health. Results are
still informative because a caregiver selects into caregiving without being able to foresee
how long they will provide care.
I report both the immediate and delayed outcomes for depressive symptoms in Table
14 for a subset of the original sample. I include individuals who have at least three
consecutive waves of data. This allows me to examine the size of the delayed effects
when only one dimension (the time of measurement) changes and when the sample is
held constant.
29For context, among females who report caregiving (of each measure) in time t, 68% continue to give
any care, 60% continue to care daily, 49% continued to care 20+ hours/week in time t` 2.
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For females, the effect of 20+ hours/week of caregiving on CESD symptoms at time
t` 2 is large, positive, and statistically significant. The coefficient is 0.411 and is signif-
icant at the 5% level (column 6). This coefficient implies a 34% increase in depression
symptoms. The effect of daily caregiving on CESD symptoms at time t` 2 is large and
positive, but it is only significant at the 10% level (column 5). There is no evidence of
any effect on depressive symptoms at time t` 2 for males.
Columns 10-12 in Table 14 show that CESD results measured at t` 2 are being driven
by increases in severe depressive symptoms. The probability of severe depressive symp-
toms is 3.06pp, 4.12pp, and 8.52pp higher for females who provide any care, daily care,
and at least 20 hours/week, respectively.
In comparison to estimates for the full sample in Table 13, coefficient estimates for
the smaller sample tend to decrease in magnitude for outcomes at time t. Especially
noticeable is the coefficient on intense caregiving by females (column 3) which is not
statistically significant in the smaller sample, despite having a large and significant esti-
mate in original sample (Table 13, column 3). This raises some concern that those with
the most severe depressive symptoms at time t are not observed at time t` 2. If the indi-
viduals providing 20+ hours/week of care experience increases in depressive symptoms
as results from Table 13 (column 3) suggest, and the most depressed are less likely to be
observed in the following wave as Table 14 suggests, then the results reported for t` 2
are likely an underestimate of the delayed effect on depressive symptoms.
De Zwart et al. (2017) explores attrition for 4 year and 7 year outcomes. They do
not find any effect on depressive symptoms 4 and 7 years after caregiving is observed.
They find similar evidence which suggests that individuals with high propensity scores
are more likely to drop out of the sample and point estimates for the 4 year subsample
are always smaller than the original sample. I find similar decreases in point estimates
when comparing the two samples at time t. However, even with potential attrition, I still
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find large significant effects on depressive symptoms at time t` 2 for females.
6.5.3 Robustness Check
To check the robustness of my results, I restrict the sample to individuals who did not
provide any amount of care at time t´ 2. This ensures that time t is the start of current
care provision and not a continuation of care. This model is different from the baseline
model where I include lagged caregiving status in the propensity score estimation. Put
another way, this robustness check ensures individuals in the treatment and control
group both provided no informal care at time t´ 2. This model reduces sample size, but
also reduces the potential for endogeneity resulting from imperfect matching on lagged
caregiving status.30
Results from this estimation are presented in Table 15. For females, the coefficients
on caregiving in the models of CESD symptoms remain highly statistically significant
and point estimates increase in magnitude for each of the measures of caregiving as
compared to the baseline specification (Table 13). For males, the coefficient on intense
caregiving is now statistically significant at the 1% level with a slightly larger point esti-
mate. The estimated effects on SAH remain similar to the baseline specification. Results
from this robustness check suggest that the increases in depressive symptoms estimated
in the baseline models are not being driven by individuals who were caregivers at time
t´ 2.
30Sample size decreases by 8.5% for females and 7% for males which is consistent with the mean values
of any caregiving at time t ´ 2 reported in the Appendix in Tables 16 and 17 for females and males,
respectively.
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Table 13: Regression Adjusted Results (Immediate Outcomes at time t)
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)
Females
Any caregiving 0.205*** 0.0444*** 0.0630* -0.0166
(0.0699) (0.0136) (0.0329) (0.0160)
Daily caregiving 0.296*** 0.0673*** 0.0941*** -0.0278*
(0.0797) (0.0155) (0.0343) (0.0161)
20+ hours/week 0.421*** 0.0838*** 0.0323 -0.0128
(0.0936) (0.0200) (0.0408) (0.0194)
Observations 9,771 9,773 9,775 9,771 9,773 9,775 9,771 9,773 9,775 9,771 9,773 9,775
Individuals 3,425 3,427 3,427 3,425 3,427 3,427 3,425 3,427 3,427 3,425 3,427 3,427
R2 0.329 0.326 0.359 0.242 0.233 0.275 0.472 0.498 0.504 0.358 0.391 0.403
Males
Any caregiving 0.0615 0.00293 0.0851* -0.00718
(0.0658) (0.0126) (0.0460) (0.0193)
Daily caregiving 0.0941 0.00476 0.0952** -0.0136
(0.0722) (0.0126) (0.0437) (0.0202)
20+ hours/week 0.209** 0.0260 0.0505 0.00657
(0.0877) (0.0164) (0.0507) (0.0253)
Observations 9,456 9,460 9,459 9,456 9,460 9,459 9,456 9,460 9,459 9,456 9,460 9,459
Individuals 3,303 3,304 3,304 3,303 3,304 3,304 3,303 3,304 3,304 3,303 3,304 3,304
R2 0.332 0.338 0.372 0.218 0.250 0.280 0.385 0.412 0.401 0.273 0.287 0.291
CESD-8 4+ CESD symptoms SAH Poor/ Fair SAH 
Note: Standard errors are clustered at the individual level. Asterisks denote significance levels: *** pă 0.01, ** pă 0.05, * pă 0.10. Observations are weighted by kernel weights from kernel
matching. Covariates are those included in propensity score estimation (see Table 21). Immediate outcomes are measured at time t. Sample size differs between outcomes due to some
observations being off common support (see Table 6 for more details).
Table 14: Regression Adjusted Results (Immediate Outcomes at time t and Delayed Outcomes at time t` 2)
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)
Females
Any caregiving 0.142* 0.0943 0.0270* 0.0306**
(0.0742) (0.0737) (0.0142) (0.0147)
Daily caregiving 0.267*** 0.165* 0.0542*** 0.0412**
(0.0929) (0.0890) (0.0175) (0.0181)
20+ hours/week 0.196 0.411** 0.0478** 0.0852***
(0.123) (0.179) (0.0242) (0.0313)
Observations 7,980 7,980 7,979 7,980 7,980 7,979 7,980 7,980 7,979 7,980 7,980 7,979
Individuals 2,912 2,912 2,912 2,912 2,912 2,912 2,912 2,912 2,912 2,912 2,912 2,912
R2 0.358 0.361 0.447 0.340 0.356 0.315 0.267 0.260 0.337 0.248 0.261 0.262
Males
Any caregiving 0.110 0.0172 0.00887 -0.00742
(0.0734) (0.0736) (0.0138) (0.0138)
Daily caregiving 0.0800 0.0849 0.00123 -0.00281
(0.0831) (0.0823) (0.0145) (0.0159)
20+ hours/week 0.165 -0.0348 0.0124 0.0112
(0.101) (0.101) (0.0175) (0.0184)
Observations 7,637 7,643 7,638 7,637 7,643 7,638 7,637 7,643 7,638 7,637 7,643 7,638
Individuals 2,767 2,767 2,765 2,767 2,767 2,765 2,767 2,767 2,765 2,767 2,767 2,765
R2 0.331 0.354 0.390 0.340 0.319 0.354 0.199 0.253 0.294 0.250 0.226 0.254
CESD symptoms (immediate) CESD symptoms (2 years) 4+ CESD symptoms (immediate) 4+ CESD symptoms (2 years)
Note: All dependent variables are binary outcomes. Standard errors are clustered at the individual level. Asterisks denote significance levels: *** pă 0.01, ** pă 0.05, * pă 0.10. Observations
are weighted by kernel weights from kernel matching. Covariates are those included in propensity score estimation (see Table 21). Immediate outcomes are measured at time t. 2-year outcomes
are measured at time t` 2. Sample size differs between outcomes in the same time period due to some observations being off common support (see Table 6 for more details).
Table 15: Robustness Check
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)
Any caregiving 0.275*** 0.0110 0.0543 0.0800*
(0.0668) (0.0301) (0.0639) (0.0408)
Daily caregiving 0.411*** 0.0138 0.126* 0.0831*
(0.0810) (0.0345) (0.0763) (0.0455)
20+ hours/week 0.611*** -0.0304 0.259*** -0.00732
(0.118) (0.0467) (0.0998) (0.0583)
Observations 8,950 8,950 8,950 8,950 8,950 8,950 8,802 8,801 8,801 8,802 8,801 8,801
Individuals 3,252 3,252 3,252 3,252 3,252 3,252 3,160 3,160 3,160 3,160 3,160 3,160
R2 0.328 0.340 0.360 0.473 0.495 0.520 0.336 0.328 0.409 0.409 0.410 0.434
Females Males
CESD-8 (immediate) SAH (immediate) CESD-8 (immediate) SAH (immediate)
Note: This table shows the regression adjusted results for the immediate outcomes for the subset of the sample who did not provide any informal care to their spouse at time t´ 2. Asterisks
denote significance levels: *** pă 0.01, ** pă 0.05, * pă 0.10. Standard errors are clustered at the individual level. Observations are weighted by kernel weights from kernel matching.
Propensity score estimation and kernel matching are run separately for this sample subset. Covariates are those included in propensity score estimation excluding lagged caregiving status (see
Table 21). Immediate outcomes are measured at time t.
7 Conclusion
As the US population ages there will be more elderly individuals with LTC needs. A
substantial portion of these individuals are likely to rely solely on their spouse for infor-
mal care. Elderly spousal caregivers are more likely to be frail and in worse health than
younger caregivers such as adult children. Both the intensity of caregiving alone and
frailty give reason to think that adverse health effects may be larger for elderly spouses.
Such adverse health effects are important as policymakers consider interventions to in-
centivize informal care or compensate family caregivers.
Self-selection is a major challenge to estimating the causal effect of careving on health.
Individuals who are in poor health when their partner develops an ADL/IADL limita-
tion may be less likely to select into caregiving than healthier individuals. To deal with
endogeneity, I propose a new instrumental variable, the ratio of a spouse’s female chil-
dren to to total number of biological children. However, this instrument is weak for my
sample.
In a second analysis, I use a regression-adjusted PSM technique to address self-
selection. I use panel data from the HRS, which enables matching of caregivers and
non-caregivers on pre-treatment health measures and pre-treatment caregiving status.
Matching on these pre-treatment measures helps tackle the problem of unobserved het-
erogeneity.
The main results are as follows. Females who provide any care to a spouse expe-
rience a 21% increase in depressive symptoms and are over 4 percentage points more
likely to have severe depressive symptoms. Females who provide the most intense care,
over 20 hours per week, experience a 35% increase in depressive symptoms and are over
8 percentage points more likely to experience severe depressive symptoms. I find evi-
dence that males providing over 20 hours per week of care experience a 23% increase in
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depressive symptoms, but there is no evidence that this increase occurs on the margin
of severe depressive symptoms. I find no evidence of adverse effects on self-assessed
health.
Evidence for spouses in the U.S. context is fairly comparable to estimates from Europe
by De Zwart et al. (2017), who finds a 29% and 23% increase for female and male daily
caregivers, respectively. Within the U.S. context, my estimates for any caregiving are not
statistically different from Coe and Van Houtven (2009) who finds a 15% increase for
female adult children caring for a parent.
The PSM technique relies on observable characteristics to match treated and control
individuals. A limitation of this method is that there may be unobservable differences
between the treated and control group after matching. The presence of such unobserv-
able differences is inherently unknowable. Using panel data helps reduce these concerns
but may not do so fully.
Future research might investigate the mechanisms behind the adverse health effects
to provide guidance to policymakers as to whether more counselling, respite care op-
tions, financial compensation, or expanded prescription drug coverage would directly
target the adverse mental health effects that I document.
To conclude, I find evidence that elderly Americans providing informal care to a
spouse experience large significant increases in depression symptoms. This empirical
evidence would be informative to U.S. policymakers considering a benefit-cost analysis
of policies affecting the allocation of LTC provision between the informal and formal
sectors or policies which intend to compensate family caregivers.
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Appendix: Additional Tables
Table 16: Summary Statistics for Females
Variable N Mean SD Min Max
Health outcomes (immediate):
Respondent CESD-8 (count of depression symptoms) 9,776 1.18 1.7 0 8
Respondent SAH (5 = excellent) 9,776 3.24 1.01 1 5
Health outcomes (2 years):
CESD-8 7,981 1.2 1.71 0 8
SAH 8,086 3.19 1.01 1 5
Caregiving treatment:
Any caregiving 9,776 0.13 0.33 0 1
Daily caregiving 9,776 0.09 0.29 0 1
20+ hours/week caregiving 9,776 0.05 0.21 0 1
Lagged caregiving treatment:
Any caregiving 9,776 0.08 0.28 0 1
Daily caregiving 9,776 0.05 0.23 0 1
20+ hours/week caregiving 9,776 0.02 0.15 0 1
Instrument:
Spouse's ratio of female children 9,776 0.48 0.31 0 1
Respondent lagged covariates:
CESD-8 9,776 1.11 1.64 0 8
SAH 9,776 3.34 0.99 1 5
Log of respondent's doctor visits 9,776 2.02 0.85 0 6.55
Respondent 1+ ADL limitation 9,776 0.1 0.31 0 1
Respondent prescription drug use 9,776 0.88 0.32 0 1
Age 9,776 71.76 6.58 39 100
Education categories:
Less than high school 9,776 0.16 0.37 0 1
GED 9,776 0.04 0.19 0 1
High school graduate 9,776 0.38 0.49 0 1
Some college 9,776 0.24 0.42 0 1
College graduate 9,776 0.19 0.39 0 1
Race categories:
White/Caucasian 9,776 0.9 0.31 0 1
Black/African American 9,776 0.07 0.26 0 1
Other race 9,776 0.03 0.17 0 1
Foreign born 9,776 0.09 0.29 0 1
Hispanic indicator 9,776 0.07 0.25 0 1
Unemployed 9,776 0.01 0.08 0 1
Retired 9,776 0.63 0.48 0 1
Respondent cares for their parent 9,776 0.03 0.16 0 1
Respondent cares for their parent-in-law 9,776 0.01 0.08 0 1
Number of children 9,776 3.18 1.85 0 18
Number of daughters 9,776 1.56 1.35 0 13
At least one residing child 9,776 0.12 0.33 0 1
Number of living siblings 9,776 2.4 2.17 0 16
Fraction of household income respondent earns 9,776 0.04 0.13 0 1
Spouse lagged covariates:
Age 9,776 75.69 5.13 52 98
1+ ADL limitation 9,776 0.11 0.31 0 1
1+ IADL limitation 9,776 0.09 0.28 0 1
Log of doctor visits 9,776 2.01 0.86 0 6.42
Prescription drug use 9,776 0.87 0.34 0 1
CESD-8 9,776 0.81 1.35 0 8
SAH 9,776 3.26 1.02 1 5
Household lagged covariates:
Income 9,776 61,497.87 77,285.21 16 2,260,000
Assets 9,776 636,000 1,160,000 312,000 31,700,000
Rural household 9,776 0.32 0.47 0 1
Census Divisions:
New England 9,776 0.04 0.2 0 1
Mid Atlantic 9,776 0.11 0.31 0 1
East North Central 9,776 0.16 0.37 0 1
West North Central 9,776 0.11 0.31 0 1
South Atlantic 9,776 0.23 0.42 0 1
East South Central 9,776 0.05 0.23 0 1
West South Central 9,776 0.09 0.28 0 1
Mountain 9,776 0.06 0.24 0 1
Pacific 9,776 0.14 0.34 0 1
Not US/ US Territories 9,776 0 0 0 0
Note: Data are for females only. In OLS and PSM models, age, income, and assets are controlled for with
binary quartile variables. Quartiles are defined once for the entire sample.
Table 17: Summary Statistics for Males
Variable N Mean SD Min Max
Health outcomes (immediate):
Respondent CESD-8 (count of depression symptoms) 9,460 0.91 1.45 0 8
Respondent SAH (5 = excellent) 9,460 3.14 1.05 1 5
Health outcomes (2 years):
CESD-8 7,643 0.91 1.46 0 8
SAH 7,832 3.09 1.05 1 5
Caregiving treatment:
Any caregiving 9,460 0.09 0.29 0 1
Daily caregiving 9,460 0.07 0.25 0 1
20+ hours/week caregiving 9,460 0.04 0.19 0 1
Lagged caregiving treatment:
Any caregiving 9,460 0.07 0.25 0 1
Daily caregiving 9,460 0.05 0.21 0 1
20+ hours/week caregiving 9,460 0.02 0.15 0 1
Instrument:
Spouse's ratio of female children 9,460 0.49 0.32 0 1
Respondent lagged covariates:
CESD-8 9,460 0.82 1.37 0 8
SAH 9,460 3.26 1.02 1 5
Log of respondent's doctor visits 9,460 2.01 0.86 0 6.42
Respondent 1+ ADL limitation 9,460 0.11 0.32 0 1
Respondent prescription drug use 9,460 0.87 0.33 0 1
Age 9,460 75.68 5.23 43 96
Education categories:
Less than high school 9,460 0.21 0.4 0 1
GED 9,460 0.05 0.22 0 1
High school graduate 9,460 0.28 0.45 0 1
Some college 9,460 0.18 0.38 0 1
College graduate 9,460 0.28 0.45 0 1
Race categories:
White/Caucasian 9,460 0.9 0.3 0 1
Black/African American 9,460 0.07 0.25 0 1
Other race 9,460 0.03 0.16 0 1
Foreign born 9,460 0.08 0.28 0 1
Hispanic indicator 9,460 0.06 0.24 0 1
Unemployed 9,460 0.01 0.08 0 1
Retired 9,460 0.76 0.42 0 1
Respondent cares for their parent 9,460 0.01 0.08 0 1
Respondent cares for their parent-in-law 9,460 0.01 0.11 0 1
Number of children 9,460 3.5 2.01 0 19
Number of daughters 9,460 1.7 1.43 0 10
At least one residing child 9,460 0.13 0.33 0 1
Number of living siblings 9,460 2.28 2.14 0 15
Fraction of household income respondent earns 9,460 0.05 0.14 0 1
Spouse lagged covariates:
Age 9,460 71.95 6.43 39 100
1+ ADL limitation 9,460 0.1 0.3 0 1
1+ IADL limitation 9,460 0.08 0.27 0 1
Log of doctor visits 9,460 2.03 0.85 0 6.18
Prescription drug use 9,460 0.88 0.32 0 1
CESD-8 9,460 1.1 1.63 0 8
SAH 9,460 3.34 0.99 1 5
Household lagged covariates:
Income 9,460 60,821.10 74,126.11 16 2,260,000
Assets 9,460 635,000 1,170,000 312,000 31,700,000
Rural household 9,460 0.32 0.47 0 1
Census Divisions:
New England 9,460 0.04 0.2 0 1
Mid Atlantic 9,460 0.11 0.31 0 1
East North Central 9,460 0.16 0.37 0 1
West North Central 9,460 0.11 0.32 0 1
South Atlantic 9,460 0.23 0.42 0 1
East South Central 9,460 0.05 0.23 0 1
West South Central 9,460 0.09 0.28 0 1
Mountain 9,460 0.06 0.24 0 1
Pacific 9,460 0.13 0.34 0 1
Not US/ US Territories 9,460 0 0 0 0
Note: Data are for males only. In OLS and PSM models, age, income, and assets are controlled for with
binary quartile variables. Quartiles are defined once for the entire sample.
Table 18: Second Stage IV Results
CESD SAH
20+ hours/week caregiving 0.778 -0.293
(3.384) (1.662)
Observations 9,776 9,776
Individuals 3,427 3,427
R-squared 0.309 0.474
Females
Note: The instrument is the spouse’s ratio of biological female children to total biological children.
This table corresponds to the first stage results presented in Table 5. Standard errors are clustered at
the individual level. Controls for the respondent are lagged CESD, lagged SAH, lagged retirement
indicator, lagged unemployment indicator, age (in years), education, race, foreign born indicator,
Hispanic indicator, living siblings, and number of children. Controls for the spouse are lagged ADL
limitations, lagged IADL limitations, lagged CESD, lagged SAH, and age (in years). Controls for the
household are log of income, net assets, rural indicator, and census divisions. All regressions include
time fixed effects.
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Table 19: First Stage IV Results (all PSM covariates)
Any caregiving Daily caregiving 20+ hours/week caregiving Any caregiving Daily caregiving
20+ hours/week 
caregiving
(1) (2) (3) (4) (5) (6)
Instrument:
Spouse's ratio of female children -0.0213 -0.0244* -0.0260** -0.00414 -0.00311 0.00840
(0.0150) (0.0135) (0.0103) (0.0124) (0.0108) (0.00832)
F-statistic for the instrument 2.0136 3.2876 6.3330 0.1122 0.0827 1.0195
Observations 9,776 9,776 9,776 9,460 9,460 9,460
Individuals 3,427 3,427 3,427 3,304 3,304 3,304
R-squared 0.242 0.197 0.122 0.242 0.194 0.120
Females Males
Note: Standard errors are clustered at the individual level. Asterisks denote significance levels: *** pă 0.01, ** pă 0.05, * pă 0.10. All regressions include
the lagged covariates listed in the summary statistics table (see Table 2), but binary variables are used for the quartiles of respondent’s age, spouse’s age,
household income, and household assets. All regressions include time fixed effects.
Table 20: Second Stage IV Results (all PSM covariates)
CESD SAH
20+ hours/week caregiving 1.334 -0.0529
(2.919) (1.308)
Observations 9,776 9,776
Individuals 3,427 3,427
R-squared 0.303 0.490
Females
Note: The instrument is the spouse’s ratio of biological female children to total
biological children. Standard errors are clustered at the individual level. All
regressions include the lagged covariates listed in the summary statistics table
(see Table 2), but binary variables are used for the quartiles of respondent’s age,
spouse’s age, household income, and household assets. All regressions include
time fixed effects.
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Table 21: Propensity Score Probit Estimation
Any 
caregiving
Daily 
caregiving
20+ 
hours/week 
caregiving
Any 
caregiving
Daily 
caregiving
20+ 
hours/week 
caregiving
Lagged caregiving treatment:
Any caregiving 0.989*** 1.211***
Daily caregiving 0.909*** 1.183***
20+ hours/week caregiving 0.710*** 0.860***
Respondent lagged covariates:
CESD-8 (count of depression symptoms) -0.0137 -0.0147 -0.00817 -0.0198 -0.00103 0.0134
SAH  (5 = excellent) 0.0607*** 0.0635** -0.0145 0.0912*** 0.0645** 0.0472
Log of respondent's doctor visits 0.0353 0.0308 -0.00272 -0.0198 0.00225 -0.0351
Respondent 1+ ADL limitation -0.265*** -0.192** -0.201** -0.172** -0.254*** -0.228**
Respondent prescription drug use -0.0521 -0.0253 0.0115 -0.0741 -0.0191 -0.0839
Age quartile 1 0.123* 0.106 -0.0540 0.213** 0.165* 0.183
Age quartile 2 0.0515 0.00322 -0.0231 0.112 0.0763 0.106
Age quartile 3 -0.0202 -0.0371 -0.150* 0.0928 0.0914 0.0496
Education categories:
GED -0.102 -0.0424 -0.0967 0.179* 0.165 0.281**
High school graduate -0.0667 -0.106* -0.175** 0.0585 0.0800 0.166*
Some college -0.0904 -0.153** -0.169* 0.0423 0.0518 0.0988
College graduate -0.150** -0.190** -0.120 0.0754 0.107 0.181*
Race categories:
Black/African American -0.0751 -0.0108 0.133 -0.105 -0.185* -0.248**
Other race -0.174 -0.0426 0.00130 -0.0514 -0.174 -0.372
Foreign born -0.0685 0.00168 0.0714 -0.144 -0.151 -0.0337
Hispanic indicator -0.0501 -0.0685 -0.00616 -0.309** -0.354*** -0.357**
Unemployed -0.0104 0.0312 -0.0755 0.224 0.0453 0.442
Retired 0.0421 0.0761 0.105* 0.0110 0.0332 -0.00713
Respondent cares for their parent -0.0191 -0.0785 -0.0162 0.403* 0.313 0.297
Respondent cares for their parent-in-law -0.109 -0.181 -0.311 0.194 -0.232 -0.121
Number of children 0.0112 -0.00392 0.00793 4.83e-07 0.00851 0.00950
Number of daughters -0.00584 -0.00697 -0.0154 -0.0246 -0.0379 -0.0234
At least one residing child -0.00331 0.0252 0.0474 0.0262 0.0287 0.0119
Number of living siblings 0.00817 0.0105 0.0195 -0.0143 -0.00798 0.00199
Fraction of household income respondent earns 0.441*** 0.265 0.419** 0.00225 0.00550 -0.0649
Spouse lagged covariates:
1+ ADL limitation 0.518*** 0.479*** 0.414*** 0.257*** 0.269*** 0.307***
1+ IADL limitation 0.405*** 0.516*** 0.567*** 0.421*** 0.444*** 0.571***
Log of doctor visits 0.0965*** 0.113*** 0.140*** 0.0485* 0.0310 0.0528
Prescription drug use 0.0195 -0.0187 0.0207 0.214** 0.129 0.184
CESD-8 0.0695*** 0.0563*** 0.0580*** 0.0277** 0.0207 0.00960
SAH -0.166*** -0.177*** -0.131*** -0.297*** -0.295*** -0.259***
Age quartile 1 -0.644*** -0.588*** -0.606*** -0.570*** -0.558*** -0.625***
Age quartile 2 -0.500*** -0.473*** -0.431*** -0.489*** -0.439*** -0.467***
Age quartile 3 -0.309*** -0.301*** -0.365*** -0.285*** -0.331*** -0.364***
Household lagged covariates:
Income quartile 1 0.0431 0.0482 0.0917 0.117 0.129 0.164
Income quartile 2 0.0286 0.0477 0.0218 0.0289 0.0420 0.0539
Income quartile 3 -0.0322 -0.0335 0.00975 0.127* 0.111 0.148
Assets quartile 1 0.263*** 0.208*** 0.300*** 0.0933 0.135 0.270***
Assets quartile 2 0.118* 0.0365 0.165* -0.0224 -0.0114 0.124
Assets quartile 3 0.138** 0.0852 0.143 -0.0145 -0.0221 -0.0181
Rural household 0.0430 0.0803* 0.0706 0.0371 -0.0488 -0.0869
Census Divisions:
New England -0.0437 -0.0162 -0.0361 0.115 0.134 -0.0154
Mid Atlantic 0.0501 0.0636 0.151 0.0370 0.0320 -0.0115
East North Central 0.00641 0.00829 -0.0949 0.0586 0.0978 0.0621
West North Central -0.0997 -0.0523 -0.240* -0.0500 -0.000920 -0.141
South Atlantic 0.0678 0.0510 -0.0134 0.00571 0.0335 -0.0227
East South Central 0.00981 0.00396 -0.0545 0.0681 -0.00910 -0.0400
West South Central 0.0383 0.0186 0.0473 -0.111 -0.0435 -0.0956
Mountain 0.148 0.130 0.154 0.0772 0.117 0.0428
Observations 9,776 9,776 9,776 9,460 9,460 9,460
Individuals 3,427 3,427 3,427 3,304 3,304 3,304
Females Males
Note: Asterisks denote significance levels: *** pă 0.01, ** pă 0.05, * pă 0.10. The census division variable for U.S. Territories
is perfectly colinear with foreign born; therefore, Pacific is used as the reference group. All regressions include time fixed
effects.
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